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Abstract

With the increase in Deep Learning (DL) popularity, the need for efficient and effective model development

and optimization has emerged. Neural Architecture Search (NAS) is a research area that aims to automate

the time-consuming and iterative tasks involved in building and tuning DL models. This approach has

already proven to be effective in various fields, such as computer vision and natural language processing,

and holds potential in the field of cancer treatment.

Cancer is a group of diseases characterized by the uncontrolled growth and spread of abnormal cells

in the body. The high degree of diversity among tumors, along with drug resistance acquired during (or

before) treatment, makes it challenging to find effective therapies for all types of cancer. High-throughput

screening (HTS) is a laboratory technique used to rapidly test large numbers of compounds against a

biological target or assay to identify potential drug candidates. In cancer research, HTS is often used to

identify compounds that have the potential to inhibit the growth of cancer cells or interfere with specific

cancer-associated processes. Since the number of compounds with drug-like properties is much greater

than the number of compounds that can be analyzed in HTS processes, DL has been used recently to

predict drug response based on omics data.

This work integrated a DL-based framework capable of handling single and multi-input datasets of

various types into the company’s internal platform, where the work was carried out. Using Automated

Machine Learning (AutoML) tools to reach this goal, namely tools with NAS capabilities, this new module

automates the search for the best DL models that produce the most suitable results across a range of

prediction tasks. The effectiveness of the developed work was validated in the context of drug response

prediction by comparing the performance of the NAS-generated models with manually tuned models pre-

viously developed. The models found using this approach achieved comparable performance without the

need for human expertise, proving the potential of NAS in cancer treatment, but also as a useful tool for

automating and optimizing the model selection process in Machine Learning.

Keywords Cancer, deep learning, AutoML, NAS, drug sensitivity, drug synergy
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Resumo

Com o aumento da popularidade de aprendizagem profunda, surgiu a necessidade de desenvolver e

otimizar modelos de forma eficiente e eficaz. A pesquisa de arquiteturas neuronais é uma área de inves-

tigação que visa automatizar as tarefas demoradas e iterativas envolvidas na construção e afinação de

modelos de aprendizagem profunda. Esta abordagem já provou ser eficaz em vários domínios, como a

visão por computador e o processamento de linguagem natural, e tem potencial no domínio do tratamento

do cancro.

O cancro é um grupo de doenças caracterizadas pelo crescimento descontrolado e pela disseminação

de células anormais no corpo. O elevado grau de diversidade entre os tumores, juntamente com a re-

sistência aos medicamentos adquirida durante (ou antes) do tratamento, torna difícil encontrar terapias

eficazes para todos os tipos de cancro. A triagem de alto rendimento é uma técnica laboratorial utilizada

para testar rapidamente um grande número de compostos contra um alvo biológico ou um ensaio para

identificar potenciais candidatos a medicamentos. Na investigação do cancro, esta técnica é frequente-

mente utilizada para identificar compostos com potencial para inibir o crescimento de células cancerosas

ou interferir com processos específicos associados ao cancro. Uma vez que o número de compostos com

propriedades semelhantes a medicamentos é muito maior do que o número de compostos que podem

ser analisados em processos de triagem de alto rendimento, métodos de aprendizagem profunda tem

sido usados recentemente para prever a resposta a medicamentos com base em dados ómicos.

Este trabalho integrou uma framework baseada em aprendizagem profunda capaz de lidar com con-

juntos de dados de vários tipos na plataforma interna da empresa, onde o trabalho foi desenvolvido.

Recorrendo a ferramentas de aprendizagem de máquina automática para atingir este objetivo, nomeada-

mente ferramentas com capacidades de pesquisa de arquiteturas neuronais, este novo módulo automatiza

a procura dos melhores modelos de aprendizagem profunda que produzam os resultados mais adequa-

dos num conjunto de tarefas de previsão. A eficácia do trabalho desenvolvido foi validada no contexto

da previsão da resposta a fármacos, comparando o desempenho dos modelos gerados por pesquisa

de arquiteturas neuronais com modelos afinados manualmente desenvolvidos anteriormente. Os mod-
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elos encontrados através desta abordagem obtiveram um desempenho comparável sem necessidade de

recorrer a especialistas humanos, comprovando o potencial da pesquisa de arquiteturas neuronais no

tratamento do cancro, mas também como uma ferramenta útil para automatizar e otimizar o processo

de seleção de modelos em aprendizagem de máquina.

Palavras-chave Cancro, aprendizagem profunda, aprendizagem de máquina automática, pesquisa de

arquiteturas neuronais, sensibilidade a fármacos, sinergia farmacológica
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Chapter 1

Introduction

1.1 Context and motivation

Over the past decade, Artificial Intelligence (AI), particularly Machine Learning (ML) and DL, have revolu-

tionized various fields, such as computer vision, natural language processing, and healthcare by enabling

the development of advanced algorithms and models. DL is a class of methods from the field of ML that

utilizes artificial neural networks to analyze and model complex data. These models are composed of mul-

tiple processing layers and are able to learn complex functions and discover higher-order representations

of raw data [1]. DL is particularly useful for handling large volumes of high-dimensional and noisy data,

such as omics datasets. In the field of cancer treatment, DL has the potential to predict drug sensitivity and

synergy from large-scale omics and chemical datasets, by capturing the complex biological relationships

present in the data. However, applying DL requires significant expertise and resources, which has limited

its use in this field.

AutoML is a research area that aims to automate the time-consuming, iterative tasks of building and

tuning ML models. AutoML enables the building of high-quality ML models without expert knowledge by

creating a number of pipelines with different algorithms and parameters during training. NAS is a subfield

of AutoML that focuses on automating the process of optimizing and designing the architecture of DL

models. This approach has shown promising results in various domains, which might also translate to the

field of cancer treatment.

Cancer is the name given to a set of related diseases characterized by uncontrolled proliferation of

cells and potential spread. Finding effective treatments for all types of cancer is a complex task due to

their heterogeneity. This has led to an increase in personalized cancer treatments.

Precision medicine is a medical approach focused on treating the specific characteristics of a person

or group of patients with cancer or other diseases. In the context of oncology, it relies on identifying

druggable tumor genomic alterations that might improve patients’ survival and quality of life [2]. This
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process includes generating drug sensitivity profiles for several distinct genomic/ epigenomic variants,

covering many drugs whose efficiency can be evaluated with High throughput screening (HTS) [3].

HTS is a useful method used in the discovery of promising drugs, enabling the evaluation of millions

of compounds against biological targets. In recent years, various datasets from extensive drug screening

projects have been made accessible to the public [3] [4]. Nonetheless, this method has clear limitations,

namely the fact that the number of compounds with drug-like properties is several orders of magnitude

greater than the number of compounds that can be analyzed in HTS processes [5].

Computational methods, particularly AI algorithms and tools, can help identify the most promising drug

candidates by predicting the sensitivity of cancer cells to specific drugs, therefore reducing the experimental

effort required. These tasks have already seen widespread use of machine/deep learning methods using

publicly available anti-cancer drug screening datasets [6] [7].

One aspect of precision medicine involves the use of drug combinations to treat cancer. Due to

the potential for drug resistance, it is often necessary to use a combination of drugs to effectively treat

cancer [8]. Drug synergy, which is the enhancement of combination effects beyond what is expected

from each drug individually, is a desirable outcome in these cases as it can increase treatment efficacy

without requiring an increase in dosage [9]. The development of accurate ML/ DL models for predicting

drug synergy could greatly aid in designing and developing combination therapies, while preventing the

screening of all conceivable drug pairs.

Recent work in the main supervisor’s research group at the Centre of Biological Engineering [10]

has already performed a systematic analysis of the impact of different methodological 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 produce the best results

for both drug sensitivity and drug synergy prediction. One of the objectives of this work is to improve and

generalize the work developed in this study by addressing the automation of the search for the best models

for each available dataset.

OmniumAI, the company where the work will be carried out, has been developing an internal platform

called Omnia, seeking to implement AutoML approaches for biological data. Another objective of this thesis

will be to integrate into Omnia a versatile NAS-based single- and multi-input module capable of addressing

a wide range of problems, including predicting drug sensitivity and synergy of cancer cell lines.

2



1.2 Main aims and objectives

The main aim of this work is to develop an application that can automate the creation of deep learning

models for different prediction tasks, including the effect of chemical compounds and pairs of compounds

on given cell lines characterized by multi-omics datasets (genomics, epigenomics, mutations, gene expres-

sion, proteomics, etc).

This encompasses a set of specific scientific and technological objectives:

• Review relevant literature and existing tools on deep learning methods and their applications in

predicting drug sensitivity and synergy;

• Study in detail the previous work developed in the host group on this topic [10], aiming to improve

on it and design/implement methods for automatic search of the best DL models;

• Study the Omnia framework and its AutoML capabilities;

• Compare AutoML tools and choose one that best aligns with the goals of this work;

• Implement general-purpose NAS-based single- and multi-input module, an integrate it with the Om-

nia framework;

• Design and implement a single input AutoML pipeline, that can take into account different DL

models and architectures, validating it with distinct drug sensitivity datasets for specific cell lines;

• Design and implement AutoML methods supporting multiple types of input data, including multi-

omics data (genomics and transcriptomics) that characterize cancer cells, and chemical character-

istics of drugs, working over the Omnia platform.

1.3 Outline

This manuscript is structured as follows:

Chapter 1 introduces the research problem and outlines the main research objectives. The chapter

also provides a summary of the structure of the manuscript.

Chapter 2 provides the state of the art for this work. It is divided into four sections. The first part pro-

vides an overview of a typical machine learning pipeline and introduces the main concepts of deep learning.

The following section describes the various stages of the AutoML pipeline, such as data preparation, fea-

ture engineering, algorithm selection, and hyperparameter optimization, and includes the particular case
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of neural architecture search. The third section of the chapter briefly describes cancer and drug-based

cancer treatments. Finally, the use of deep learning for predicting drug response in cancer is explored,

highlighting the successes and challenges of using these approaches in this context.

Chapter 3 describes the developed software, including the decisions made regarding technologies, a

description of the Omnia platform and how the new module integrates with this platform, and a detailed

description of the framework and its capabilities.

Chapter 4 presents two case studies. The first involves predicting drug sensitivity with single-input

data, whereas the second involves predicting drug synergy with multi-omics data. For each case study,

the datasets used are described, the experimental setup is outlined and the results of these experiments

are analyzed.

Chapter 5 summarizes the main contributions and conclusions of the thesis, discusses its limitations,

proposes possible solutions, and suggests ideas for future improvement.
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Chapter 2

State of the Art

2.1 Machine Learning

Machine Learning (ML) is a subfield of Artificial Intelligence (AI) that involves training algorithms to make

predictions or decisions based on data. It is based on the idea that systems can learn from data, identify

patterns, and make decisions with minimal human intervention [11].

There are two main machine learning types: supervised and unsupervised learning, although other

paradigms, such as semi-supervised and reinforcement learning (RL) approaches also exist.

In unsupervised learning, the algorithm does not receive labeled training examples but must instead

find patterns in the data on its own. Clustering and dimensionality reduction are examples of this type of

learning problems.

In supervised learning, the algorithm is trained on a labeled dataset, where the correct output is

provided for each sample in the training set. The goal is to make predictions on new, unseen examples.

This is the most common scenario and can be used for classification, regression, and ranking tasks,

among others.

In classification tasks, the output variable is categorical. For example, a cancer prediction task, con-

sisting of image classification may assign to each image a category, such as cancer or normal tissues.

In regression tasks, the output variable is continuous, such as in predicting the probability of survival for

patients with a specific type of cancer. Finally, in ranking tasks, the goal is to order items according to

some measure [12].

The process of building a machine learning model typically follows a sequence of steps. This pipeline

usually involves several stages, including data preparation, model selection and training, and model eval-

uation and fine-tuning. Moreover, this process is often iterative and may involve multiple rounds of model

training and evaluation until a satisfactory model is obtained. A general workflow for machine learning

tasks is shown in Figure 1.
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Figure 1: A general workflow for machine learning tasks.

2.1.1 Problem Definition

The first step of a machine learning pipeline implies the definition of the problem to be solved. It involves

identifying the input data, the output data, and the type of machine learning task.

In this step, a data scientist should identify the data type that will be used as input to the machine

learning model. This may include structured data, such as tabular data with rows and columns, or unstruc-

tured data, such as text, images, or audio. This will help determine the type of machine learning model

most appropriate for the task and identify any preprocessing steps that may be needed. For example, if

the input data is text data, it may need tokenization and stemming of the words in the text. If the input

data is image data, a data scientist may need to resize the images or apply image augmentation. Finally,

considerations about the format and quality of the data, as well as any missing or corrupted values, may

need to be addressed.

The problem definition also implies identifying the type of data the machine learning model will produce

as output (continuous or discrete), which will determine the type of machine learning task as a regression

or classification task, for example.

The machine learning task should be defined in terms of the specific problem that is trying to be

solved. This may involve identifying the specific goals and objectives of the task, as well as any constraints

or limitations that need to be considered. For example, when trying to predict the presence or absence

of patient cancer, the machine learning task may be defined as a classification problem with the goal of

minimizing false negatives (i.e., patients predicted with the absence of cancer who actually have it) and/
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or false positives.

Defining the problem clearly and accurately is an essential step in the machine learning pipeline

because it determines the type of machine learning task that is being solved and guides the rest of the

process, helping to select the appropriate data, evaluation metrics, and machine learning models, and to

interpret the results correctly.

2.1.2 Data Collection

Collecting data is the process of acquiring data from various sources to use in a machine learning project.

It is an essential step in the machine learning pipeline, which can significantly impact the model’s perfor-

mance. The most common ways to collect data are through public datasets, web scraping, databases, or

synthetic or manually created datasets [13].

The easiest and fastest way to collect data is to use public datasets. Many public datasets are available

on websites such as Kaggle, UCI Machine Learning Repository, or OpenML. Data can also be collected

from online Application Programming Interfaces (APIs).

Data can be collected from databases, such as relational databases or NoSQL databases, using

queries, but also using Web scraping to build datasets based on information from websites, extracting

data from their HTML source code.

Gathering data is an important step in the machine learning pipeline, as it ensures that the model has

access to high-quality, relevant data that it can use to learn and make accurate predictions. It is crucial to

consider the quality and relevance of the data when gathering it, as well as any privacy or ethical issues

that may be involved.

2.1.3 Data Preparation

Cleaning and preprocessing the data is the process of preparing the data, which will be used to train and

test the model. It involves removing any inconsistencies or errors in the data and ensuring they are in a

usable and consistent format.

It is common for datasets to have missing values. These missing values need to be addressed as they

can impact the model’s performance. There are several ways to handle missing values, such as imputing

the missing values with the mean or median of the variable or dropping the rows with missing values.

Frequently, numerical values have different scales, which can affect the importance a model gives to

a feature. To prevent this, numerical data can be normalized to ensure that all the features are on the

same scale. This can be done by subtracting the mean of the data and dividing by the standard deviation,
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or by scaling the data to a range between 0 and 1. Normalizing the data can help the model to converge

more quickly and improve its performance.

There may also be the need to encode categorical features as numerical values if the data includes

categorical features. This can be done using one-hot encoding, which creates a new binary column for

each category, or using ordinal encoding, which assigns a numerical value to each category. Encoding the

categorical data as numerical values allows the model to process the data more easily.

If the data are imbalanced, with one class significantly more represented than others, this can impact

the model’s performance. A data scientist might need to balance the data by undersampling the majority

class or oversampling the minority class. This can improve the model’s ability to learn and generalize to

new, unseen data.

2.1.4 Data splitting

Splitting the data into sets is a common step in the machine learning pipeline. It involves dividing the data

into distinct subsets that can be used for different purposes, such as training, tuning, and testing. The

model should be trained and tested in independent sets because this ensures that it is not being evaluated

on data that it has seen during training.

The training set is used to train the model. It should be a large enough sample of the data to provide

the model with enough examples to capture the complexity of the problem. Typically, the training set is

between 60% and 90% of the data.

The test set is used to evaluate the final performance of the machine learning model after training is

done. It should be a separate, unseen sample of the data that has not been used in any other way during

the machine learning process. The test set measures the model’s generalization ability, and the results

are used to assess the model’s performance on new, unseen data. Typically, the test set is between 10%

and 30% of the data.

There may also be a validation set used to evaluate the model’s performance during training or to find

the cutoff point for the training procedure; This set is typically used to find the best set of hyperparameters

that maximizes the predictive capability of the model before the final evaluation using the test set.

2.1.5 Model and Input Representation

Model and input representation refers to the way in which the model and the input data are structured and

represented. The choice of model structure and input representation can have a significant impact on the

performance of the model, and they are an important and often iterative aspect of the machine learning
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pipeline.

Model representation might affect how a model captures the complex patterns in the data. The model

representation refers to the type of model, the architecture of the model, the parameters of the model, and

the functions used to define the model. Selecting a machine learning model depends on the type of task,

since different types of tasks might require different types of models, and the type of data, since some

models may be more suitable for certain types of data than others. Some of the most popular machine

learning models are briefly reviewed in section 2.1.8.

Likewise, different features and how they are represented may affect how a model learns. The per-

formance of the model on the test set can be used to evaluate the effectiveness of the selected features.

In addition, some models may require more feature processing, while others are able to handle raw data,

and the way a feature is represented (e.g., raw data, images, graphs) can also be more suitable for specific

model algorithms and can highlight different aspects of the data and therefore lead to a model learning dif-

ferent patterns in the data. The process of feature processing and input representation is further explored

in section 2.2.1.

Once features are selected and the model structure is chosen, the model is fitted on the data by a

training algorithm, and its performance is evaluated, at which point this process might be repeated as long

as a termination criterion (e.g., number of iterations, time budget, target performance) is not achieved.

2.1.6 Model Training

Training a machine learning model involves iteratively adjusting the model’s parameters to minimize the

loss function using an optimization algorithm.

A loss function is a function used to measure the error or difference between the predicted and true

values, thus giving an idea of how well the model fits the data. Some standard loss functions are Mean

Squared Error (MSE), typically used for regression tasks, and Cross-entropy loss, typically used for classi-

fication tasks.

An optimization algorithm is used to minimize the loss function and find the most suitable set of

parameters that incur the best predictions. Learning algorithms depend on the model structure chosen.

Examples of learning algorithms include gradient-descent based methods for linear/ logistic regression

or neural network-based models, or tree-induction methods for decision/ regression trees, among many

others.
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2.1.7 Model Validation

The next step is to validate the model on a set not used for training to assess its generalization performance

or how well it can predict new data, based on a performance metric.

Error estimation methodologies

The most basic approach to model validation is holdout validation which involves the typical data splitting

into train and test sets. However, because machine learning is an iterative process, a validation set can

be used to evaluate the model before its final evaluation with the test set.

K-fold cross-validation is a resampling procedure used to evaluate the performance of machine learning

models. It involves dividing the data into k folds that are equal in size and mutually exclusive. The model

is trained on k − 1 folds of the data and evaluated on the remaining fold. This process is repeated k

times, with a different fold used as the test set each time. The results are then averaged to get an overall

estimate of the model’s performance. This method provides a more reliable performance estimate since

it is not influenced by the specific subset of data used on a single train/ test split.

Evaluation metrics

To evaluate the predictive performance of a model, i.e., the difference between the predicted values and

the true values, several evaluation metrics are available depending on the task type.

For classification tasks, accuracy measures the proportion of correct predictions made by the model;

precision measures the proportion of true positive predictions out of all the positive predictions; recall

measures the proportion of actual positive cases that were correctly predicted; F1 score is a harmonic

mean of precision and recall and area under the receiver operating characteristic curve (AUC-ROC). A

ROC curve plots the true positive rate against the false positive rate at different classification thresholds.

AUC measures the area underneath the entire ROC curve hence representing the ability of the model to

distinguish between positive and negative cases.

For regression tasks, the Mean Absolute Error (MAE) measures the average absolute difference be-

tween the predicted and true values; MSE measures the average squared difference between the predicted

and true values; the Root Mean Squared Error (RMSE) is the square root of the MSE, which is more inter-

pretable than the MSE, and R2 score measures the proportion of the variance in the target variable that is

explained by the model.
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Tuning

Fine-tuning and optimization are essential steps in the machine learning pipeline that involve adjusting the

hyperparameters and other settings of the model, aiming to find a combination that best performs on the

evaluation metric. This evaluation is performed using the estimation methods (holdout or cross-validation)

and the metrics defined above.

This process is often a time-consuming, trial-by-error task. Several approaches to automating this

hyperparameter search include Grid search, Random search, and Bayesian optimization, which will be

explored in section 2.2.2.

2.1.8 Machine Learning Models and Algorithms

In this section, some of the most popular machine learning models are briefly reviewed. In addition to the

most basic models, ensembles and models that use this technique are explored.

Linear regression

Linear regression is one of the simplest machine learning regression algorithms and is well-suited to tasks

where a linear relationship between the input features and the continuous output may be assumed as a

good approximation. Here, the model attempts to find the linear function that best maps from the input

to the output variables. The linear regression equation’s parameters (or coefficients) are learned from the

data, which are adjusted to minimize the loss function during training.

Logistic regression

Logistic regression is an algorithm used for classification tasks when the output variable is categorical,

and as before, a linear relationship between the input features and the output may be assumed as a good

approximation. The model applies a logistic function (sigmoid) to the product of input features by model

weights, mapping the input features to a probability between 0 and 1. Similar to linear regression, the

parameters (or coefficients) are estimated from the training data, using an optimization algorithm, such

as gradient descent, to minimize classification errors.

Support vector machines

Support vector machines (SVMs) [14] are kernel-based machine learning methods. To be able to model

non-linear problems, the model maps the input data to a higher-dimensional space using a kernel function,
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where the data can be linearly separated. In this higher-dimensional space, the algorithm constructs a

hyperplane that maximally separates the classes, for classification tasks, or one that fits the data as well as

possible, for regression tasks. The data points that are closer to the hyperplane and influence its position

and orientation are called support vectors. The support vectors and hyperplane are used to calculate the

predicted class or value for new data.

Decision and regression trees

Trees are a type of machine learning model that is used for both classification and regression tasks [15].

A decision tree is composed of internal nodes representing a condition regarding a particular feature,

edges representing possible values for that given condition, and leaves representing a predicted class or

value.

When training the model, the algorithm starts by selecting the feature and threshold that result in

the most significant reduction in entropy, or another measure of disorder or uncertainty. This process is

repeated recursively on each of the resulting sub-trees until a stopping criterion is reached (i.e., homoge-

neous examples regarding the classification, maximum depth).

To reduce the complexity of a tree, when a problem has a large set of features, for example, decision

tree algorithms can include a pruning step that removes branches that use features with low importance.

Ensembles

Ensembles can be used to improve robustness and model performance. An ensemble is a set of models

whose individual predictions are combined in some way to improve the overall performance of the system.

Ensembles are often more accurate than the individual estimators that make them up [16]. For this to

be true, the estimators that make up the ensemble need to be accurate and diverse. Two estimators are

diverse if they make different errors on new data points.

Generally, an ensemble makes predictions by taking the majority vote of the predictions made by the

individual models for classification tasks. For regressions tasks, the predictions of the individual models

are averaged to produce a final prediction. Combining different models with distinct architectures and

parameters, and different biases and variances ensures ensemble methods are able to capture a broader

range of patterns in the data and are more robust to noise and outliers, leading to more accurate predic-

tions.
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Random forests

Random forests (RFs) [17] use an ensemble method known as bagging, where each model is trained on a

random sample of data in a training set selected with replacement (bootstrapping). It is a combination of

multiple decision trees, making predictions by averaging or voting the predictions of the individual decision

trees. One-third of each training sample is set aside as test data, known as the out-of-bag (OOB) sample,

which is used for cross-validation, completing the prediction.

To ensure low correlation among decision trees, random forests use feature randomness, which gen-

erates a random subset of features (each tree only considers a subset of features).

Gradient boosting

Gradient boosting is another ensemble method that combines multiple weak models to get better perfor-

mance as a whole. Weak models have high bias or variance and do not perform well by themselves but

can be used as building blocks to create more complex and robust models. This algorithm uses gradient

descent optimization to minimize an arbitrary differentiable loss function. The model creates a sequence of

weak learners, typically decision trees, and trains each one sequentially (boosting) to correct the mistakes

of the previous one (following the negative gradient).

The model starts by fitting an initial model to the training data. The algorithm then fits a new model to

the residual errors of the first model and repeats this step for a fixed number of iterations. The final model

is a weighted sum of the individual models, where the weights are determined based on the performance

of the weak learners on the training data.

XGBoost [18] and LightGBM [19] are popular variations of the gradient boosting algorithms.

2.1.9 Artificial Neural Networks

Artificial neural networks (ANNs) are machine learning models inspired by the human brain’s structure

and function. For supervised learning, these models consist of an input layer, one or more hidden layers,

and an output layer. Each layer contains several units or neurons. Figure 2 shows an example of an ANN.

In typical feed-forward networks, the information flows from input neurons to output neurons. The

input layer receives the input data and passes it through the hidden layers, which process the data and

transform it using a set of weights and biases. The output layer receives the processed data from the

hidden layers and generates the model’s predictions.

Each neuron in the hidden layers receives input from the neurons in the previous layer and applies a
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Figure 2: An example of an artificial neural network with two hidden layers.

non-linear activation function to the weighted sum of the inputs. 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.

The output of the activation function is then passed to the neurons in the next layer. This process

is repeated until the data reaches the output layer, which generates the model’s predictions. The output

layer may consist of a single neuron for regression and binary classification tasks or multiple neurons for

the remaining classification tasks, with each neuron corresponding to a class label.

Learning is achieved by iteratively adjusting the weights and biases of the layers to minimize the loss

function. This process is typically performed using an optimization algorithm based on gradient descent,

such as the popular backpropagation algorithm, and more recent variants as stochastic gradient descent

(SGD), and the Adam algorithm [20]. The number of times the optimization algorithm will cycle through

the entire training dataset is called an epoch. The number of epochs is a hyperparameter that can be set

before training the model.

Backpropagation involves propagating the error in the model’s predictions back through the network

and adjusting the weights and biases to reduce the error. The number of samples that are processed

together in one forward/ backward pass is called the batch size. The error is defined by the gradient of

the loss function, which is then used to update the model’s parameters.

Backpropagation allows neural networks to model complex, non-linear relationships between inputs

and outputs by efficiently computing the gradients in the network. However, backpropagation can get

trapped on a local minimum which may be good or bad depending on how close the local minimum is
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to the global minimum. In addition, this method can be very time-consuming and incur other problems,

such as vanishing/ exploding gradients. Vanishing gradients appear when the values of a gradient are too

close to zero, and the model stops learning, making the network hard to train. On the other hand, the

exploding gradient problem occurs when the gradients become too large to update the model’s weights.

2.1.10 Deep Learning

Deep Learning (DL) is a subset of machine learning which differs in model architecture and data require-

ments. DL models are based on the principles described in section 2.1.9 but are more complex, generally

consisting of more than three layers (also called deep neural networks (DNNs)), and are able to learn

representations of data with multiple levels of abstraction [1]. Many DL models typically do not require

some of the data preprocessing and feature engineering involved with machine learning since they can

capture patterns and relationships directly from raw input data [1].

With the increase in computational power and the widespread use of Graphics Processing Units (GPUs)

in this area, DL models got more complex. The growth in DL interest and the increasing availability of

large public datasets also meant a significant increase in model parameters. Due to these reasons, along

with the need for more specialized architectures to handle specific data types and tasks, a number of

alternative DL architectures, such as convolutional neural networks (CNNs) and recurrent neural networks

(RNNs) were designed to overcome some of the limitations of ANNs. Some of the DL architectures are

illustrated in Figure 3.

CNNs [22] (Figure 3a) are a type of neural network particularly well-suited for grid-like data such as

images. A key aspect of CNNs are convolutional layers which apply a set of learned filters to the input data

and generate feature maps. These filters (also called kernels) are a small matrix of weights designed to

detect specific patterns or features by applying linear transformations to the input data, and feature maps

represent the presence or absence of these patterns. The kernel/ filter moves a number of units (stride

length) every time it is applied to cover the entirety of the input. Convolutional layers can handle different

dimension data, i.e., 1D convolutional layers are used on one-dimensional data, such as audio, or text

data; 2D convolutional layers are used on two-dimensional data, such as images; and so on.

Pooling layers are used to reduce the dimension of convoluted feature maps by applying a pooling

operation. Themost used types of pooling are max pooling and average pooling, which return themaximum

and average value of the feature map, respectively. Finally, one or more fully connected layers are usually

used at the end of the network to produce the final output. These layers connect every neuron in one layer

to every neuron in the next layer.
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(a) A convolutional neural network (CNN) showing convolution, pooling and flattening layers

leading to fully connected layers. These networks can be used in image classification, as well

as natural language processing and signal processing tasks.

(b) A recurrent neural network (RNN) where the network’s architecture is unrolled to show the

flow of information through multiple stages, where each stage represents a time step. These

networks can be used for language modeling, speech recognition, and time series prediction.

(c) A graph neural network (GNN). The green nodes in the hidden layers represent nodes that

receive information from neighboring nodes through the message passing process. These

networks can be used for tasks like node classification, edge prediction, and graph classifi-

cation.
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(d) A simplified transformer architecture, specifically highlighting the encoder and decoder

components. It does not show the multi-head self-attention and feed-forward layers which are

key components of the transformer architecture; adapted from [21].

Figure 3: Types of deep learning architectures.

RNNs (Figure 3b) are a type of neural network particularly well-suited for sequential data, such as

time series, audio, or text. A key aspect of RNNs is their internal memory. Decisions are made based

on the current input, but also on the previous input. A RNN is able to capture the dependencies between

different elements in the sequence by cycling the information through a loop where the output of the

network at a given time step is fed back into itself as input at the next time step. RNNs are trained using

backpropagation through time (BPTT) [23] and more recent variants. This involves unrolling the network

across time and training it on multiple time steps at once, using the same weight updates as in standard

backpropagation.

There are many variations of RNNs, including long short-termmemory (LSTM) networks [24] and gated

recurrent units (GRUs) [25], which aim to address some of the obstacles of RNNs, such as the vanishing

gradient problem.

Graph neural networks (GNNs) (Figure 3c) are a type of neural network well-suited for graph-structured

data, such as chemical compounds. GNNs work by taking in a graph as input and processing it through a

series of layers, each of which operates on the graph’s nodes and edges. At each layer, the GNN computes

new representations for the nodes in the graph by aggregating information from their neighbors, using a

message passing mechanism. The message passing mechanism is typically implemented as a neural
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network layer that takes as input the node’s previous representation, the representations of its neighbors,

and the edges connecting them. The updated node representations are then passed on to the next layer,

where the process is repeated. There are multiple variations of GNNs, such as graph convolutional network

(GCN) [26] and graph attention network (GAT) [27].

Transformers [21] (Figure 3d) are a type of neural network similar to RNNs often used in natural

language processing tasks. Transformers are composed of an encoder and a decoder and use an attention

mechanism that decides what parts of the input sequence are important at each step. The inputs and

outputs are embedded and encoded so that the order of the sequence is preserved. The encoder receives

the embedded input and passes it to an attention layer producing attention vectors which are then passed

into a feed-forward layer before moving onto the encoder. The encoder can have multiple attention layer -

feed-forward blocks to gradually capture more complicated relationships between the input sequence.

The decoder works directly on the embedded and encoded target output sequence during training. The

transformer model uses a masked attention block on the decoder to predict the next element in the output

sentence by only considering the previous element and masking the other elements. The outputs from this

block are then passed through an attention layer along with the attention vectors generated by the encoder.

The final attention vectors are then input into a feed-forward network which generates a single vector with a

dimension equal to the number of unique elements learned by the model. The softmax activation function

is applied to this vector to produce a set of probabilities for each element. These probabilities predict the

likelihood of the next element of the output sequence.

Some variations and extensions of the transformer architecture include Bidirectional Encoder Repre-

sentations from Transformers (BERT) [28], Generative Pre-trained Transformer (GPT) [29] and RoBERTa

[30]. A common characteristic of these methods is that they were pre-trained on a large amount of data

in an unsupervised way before being fine-tuned on specific tasks.

The complexity of deep learning models poses additional challenges, namely, finding large amounts of

labeled raw data for specific prediction tasks, sensitivity to hyperparameters which leads to more time fine-

tuning the model, and a significant amount of computation power required when compared to machine

learning methods.

2.1.11 Bias-Variance Tradeoff

When training a machine learning model, it is difficult to find a trade-off between a model that can learn

the underlying patterns present in the data and a model that can generalize well on unseen data. This

is known as the bias-variance tradeoff and is related to the phenomena of underfitting and overfitting.
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Figure 4 shows, with a very simple example, an illustration of the different scenarios that arise from the

bias-variance tradeoff.

(a) Underfit (b) Overfit (c) Good fit

Figure 4: Scenarios that arise from the bias-variance tradeoff. The blue dots represent the different input

data points, and the red line represents the model function.

Bias is the difference between the average prediction value and the true prediction values. Models with

high bias are said to be underfitted since they pay little attention to the training data and cannot capture

the underlying patterns in it. Underfitted models lead to high error on both training and test sets.

Variance measures the amount of variability or spread in the predictions made by a model. A model

with high variance pays much attention to training data and is not able to generalize well to unseen data.

A model with high variance is said to be overfitting since it learned from noise and random fluctuations in

the training data rather than its underlying patterns. Overfitted models lead to small error on the training

data and high error on test data.

A model cannot minimize bias and variance at the same time, thus why this balance is so essential

and depends on each task at hand. There are a number of techniques used to balance this tradeoff.

Some of these methods have already been mentioned. Cross-validation helps to reduce the risk of

overfitting by ensuring that the model is not overly sensitive to the specific characteristics of the training

data. By selecting the most important features (feature selection), the model is not prone to learn from

patterns in features that do not yield high predictive power.

Regularization techniques prevent an overly complex model. These include L1 regularization (LASSO

Regularization [31]), which adds a penalty term to the loss function based on the absolute values of the

coefficients, and L2 regularization (Ridge regression [32]), which adds a penalty term based on the squared

values of the coefficients.

Early stopping of model training based on the performance on a validation set can also avoid over-

training the model. By monitoring the validation set over training iterations, early stopping halts the training

and saves the current model once validation loss stops decreasing.

Increasing the size of the training set can help the model generalize better; however, this option is not
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always available. In this case, data augmentation might help by generating new training data based on

transformations to the existing training data.

DL techniques such as weight decay (term added to the cost function proportional to the magnitude

of the weights) and dropout [33] (turning off a random subset of neurons during training) add a penalty

to the model’s objective function to prevent the model from learning overly complex patterns in the data.

Reducing the number of layers or neurons in layers can further reduce complexity, thus avoiding overfitting.

2.2 AutoML

With the ubiquitous implementation of ML in a variety of fields, from image recognition [34], sentiment

analysis [35], and speech recognition [36], to cancer prognosis and prediction [37], Automated Machine

Learning (AutoML) has emerged as a new research field to optimize parts of the machine learning pipeline

automatically.

Building an ML pipeline usually involves a profound knowledge of ML algorithms and methods, requir-

ing domain experts with longstanding experience within a specific domain. This team can build a sensible

ML pipeline with adequate specialized data preprocessing, domain-driven feature engineering, fine-tuned

model, hyperparameter selection, and performance evaluation. However, this process is usually a com-

plex and iterative procedure by trial and error until the desired predictive performance is achieved, which

means that even experts require substantial resources and time to create well-performing models.

Therefore, AutoML allows for optimizing a tedious, time-consuming tuning process and making ma-

chine learning accessible for any domain expert without having to rely on a data scientist.

Figure 5: An overview of AutoML pipeline covering input representation and feature engineering, model

generation, and model evaluation.

AutoML is an optimization problem with a vast search space, including features, hyperparameters,

models, and architectures, thus involving a broad scope of candidate solutions. AutoML gives the appear-

ance of ”automation” by considering all tunable arguments into the whole optimization procedure inter-

nally. It is important to note that AutoML is still NP-complete despite the automation advantage [38, 39].

As a result, several heuristic techniques are proposed to solve the sophisticated optimization, which will

be explored in the following sections.
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The AutoML pipeline consists of several steps (Figure 5), starting with input representation and feature

engineering, followed by model generation, and finally, model evaluation. These parts together make

up the full scope of general ML applications. However, there is a particular case: Neural Architecture

Search (NAS), which targets deep learning models where features, models, and algorithms are configured

simultaneously.

2.2.1 Input Representation and Feature Engineering

There may be several ways to represent inputs. For example, compound data can be represented as

simplified molecular-input line-entry system (SMILES) strings, molecular graphs, or compound images.

Using different input representations on model architectures specific for those input representations data

types may significantly impact performance. For instance, CNNs and GNNs are architectures that can take

raw data, such as SMILES strings or compound graphs, respectively, as input and learn features directly

from the data, not requiring explicit feature engineering. Generating the different input representations can

be incorporated into the AutoML pipeline. This way, the performance of the final model can be improved

by finding the most effective representation for the given task and data.

Feature engineering consists of generating and selecting features from a given data set for the subse-

quent modeling step. This step is considered to increase the performance of an ML pipeline significantly.

Feature engineering is a difficult task since it is highly domain-specific and challenging to generalize. It

requires the creation of features that provide valuable insights from the data itself and consider any limi-

tations of the learning algorithm being used, such as how each model handles missing data, or the scale

of data (e.g., SVMs and neural networks are sensitive to the scale of the input features). Therefore, it is

usually a time-consuming task performed manually in a trial-and-error manner.

These shortcomings have driven the appearance of automated feature engineering frameworks, which

aim to ease this process and improve the performance of subsequent models. Feature engineering can

be divided into three fields: feature extraction, feature construction, and feature selection.

In most cases, feature extraction is a dimensionality reduction process used to transform raw data

and extract non-redundant and informative features according to specific metrics. The most common

approaches are principal component analysis (PCA) [40], linear discriminant analysis (LDA) [41], and

recently developed autoencoders [42, 43].

Feature construction is a highly domain-related task that involves discovering missing relationships

between the original features. Although domain knowledge is often necessary for the successful transfor-

mation of certain types of features, there are also instances where simple features can be transformed
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easily without specialized knowledge to extract more meaningful features. Operations such as minimum,

maximum, addition, subtraction, and mean are typically used for numerical features. Cartesian-Product is

used for nominal features, and operations such as conjunctions, disjunctions, and negation are typically

used for boolean features.

As it is impossible to test all possibilities, some automatic feature construction methods have been

proposed to automate the evaluation of this search space. These methods showed results comparable to

or even superior to those achieved by human expertise [44, 45].

Khurana et al. proposed Cognito [46], which explores various feature construction choices in a hierar-

chical and non-exhaustive manner, while progressively maximizing the model’s accuracy through a greedy

exploration strategy. Additionally, the system allows users to specify domain or data-specific choices to

prioritize the exploration. The same authors later introduced a similar strategy based on RL [47], using a

performance-driven exploration of a transformation graph, which systematically and compactly captures

the space of given options. These authors also proposed a technique called Learning Feature Engineering

(LFE) [48] based on meta-learning (Section 2.2.3). LFE recommends a set of valuable transformations

to be applied on features without relying on model evaluation or explicit feature expansion and selection,

therefore incurring a substantially lower computational cost.

Finally, feature selection consists of building a subset of relevant and non-redundant features based

on the original feature set. It aims to improve performance, speed up training and avoid overfitting. Un-

supervised algorithms like variance threshold and correlation matrixes are based on intrinsic properties

of the data that use statistical measures to quantify the relationship between features or the relevance

of each feature individually (e.g., filtering low-variance features and correlated features). Supervised algo-

rithms use statistical measures to evaluate the relationship between features and the target variable (e.g.,

univariate selection, correlation coefficient, ANOVA), select features as a part of the learning process (e.g.,

feature importance), or evaluate the performance of different combinations of features using a machine

learning model and select the combination that performs the best (e.g., Recursive Feature Elimination

(RFE) [1]).

The above are standard methods to perform feature selection and are already supported by modern

AutoML tools. The search space for these algorithms is made up of hyperparameters of these methods.

For example, when using variance threshold, we need to determine the threshold value on which features

with a training-set variance lower than this value will be removed.

More advanced feature engineering methods are usually implemented in dedicated feature engineering

frameworks, such as ExploreKit [49], AutoLearn [50], and FeatureHub based on a variation of the expand-
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reduce method [51]. Or [52, 44] based on genetic programming, an evolutionary algorithm technique.

2.2.2 Algorithm Selection and Hyperparameter Otimization

The task of model selection involves optimizing algorithm selection and their corresponding hyperparam-

eters. This problem can be viewed as a single hierarchical hyperparameter optimization problem, where

the choice of algorithm is itself a hyperparameter. This notion was introduced as the combined algorithm

selection and hyperparameter optimization (CASH) problem in [53]. Instead of selecting an algorithm

and then optimizing its hyperparameters separately, the hyperparameter optimization process can be in-

tegrated with the selection of the algorithm. This allows for both steps to be executed simultaneously,

rather than sequentially.

Figure 6: Partial representation of the search strategy algorithm A1. Ellipses represent the selection of a

classifier, rectangles represent tunable hyperparameters.

The search space can be interpreted as a tree as visualized in Figure 6. A1 is the root node and

represents an optimization algorithm with a child node for each classifier C . Each classifier has the

according mandatory hyperparameters as child nodes H .

In the following section, various optimization strategies (also referred to as search strategies) will be

introduced as potential solutions to the problem at hand.

Grid and Random Search

Grid and random search are the simplest and most naive optimization strategies. These simple search

methods make no assumption about the search space.

Simply put, Grid Search (GS) explores a grid of configurations, considering a set of possible values

for each parameter, testing all combinations, and selecting the best-performing. Random Search (RS)

considers only a randomly selected set of configurations to test, selecting the best one.
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GS is easy to implement and parallelize. However, it scales poorly when the search space is significant,

since the number of evaluations grows exponentially with the number of hyperparameters.

A simple alternative to GS is RS which relies on sampling hyperparameter configurations from a user-

specified set of hyperparameter values until a specific budget for the search is exhausted. RS is also easy

to implement and parallelize. While it may be empirically better than GS [54], RS consumes resources

running evaluations as long as the given budget is not exceeded and does not guarantee an optimal global

configuration.

Since these simple search approaches do not exploit the knowledge gained from past evaluations,

they are not usually efficient. However, due to their simplicity, these methods are still popularly used in

AutoML.

Bayesian Optimization

Bayesian Optimization (BO) is a probabilistic surrogate model-based optimization (SMBO) method with two

indispensable components, a probabilistic model and an acquisition function. BO builds a probabilistic

model, such as gaussian processes (GP) [55], random forests [56], or tree-structured Parzen estimators

(TPE) [57] that maps the configurations to their performance metric score. The probabilistic model is

trained on the observations of the underlying function tested so far and is used to predict the function’s

behavior on unseen configurations.

Then, it defines an acquisition function to select the next configuration to evaluate based on the

probabilistic model, e.g., expected improvement and upper confidence bounds, to balance exploration and

exploitation of the areas that are more likely to contain the optimal solution, during the search process.

A new sample is generated by optimizing the acquisition function and used to update the probabilistic

model once it is evaluated on each iteration. The process of updating the probabilistic model with new

observations and recomputing the acquisition function is repeated until a stopping criterion is met, such

as a maximum number of evaluations, a time limit, or a satisfactory solution is found.

Some of the most popular methods lack efficiency when the number of data samples is significant. To

alleviate this problem, the BO-based hyperband (BOHB) [58] algorithm was proposed, which combines the

strengths of BO and Hyperband [59], a bandit-based approach to hyperparameter optimization. Fabolas

[60] is another efficient BO procedure that finds high-quality solutions 10 to 100 times faster than other

BO methods.
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Evolutionary Algorithms

Evolutionary algorithms (EAs) are a collection of various population-based optimization algorithms inspired

by biological evolution. EAs have high robustness and broad applicability since no assumptions about the

problem’s nature are needed. This method rarely finds a global optimum solution but quickly discovers a

good local one.

This algorithm works by maintaining a population of individuals, each encoding a solution to a problem,

that evolves towards better performance by applying reproduction operators, including crossover (exploit)

and mutation (exploration) operators to create novel individuals.

In this case, every individual is represented by a set of genes encoding properties (e.g., types of

layers, hyperparameters). A mutation slightly changes an individual to generate a new one by altering

one gene (e.g., changing one type of layer or hyperparameter). Crossover generates a new individual

by combining two individuals (ancestors) from the last generation (e.g., keeping a certain amount of the

genetic information of each parent). The individuals that undergo mutation and crossover are chosen

based on the fitness score, which measures how good an individual is.

The algorithms work by iterating between mutation, crossover, selection, and replacement. Selection

is the process of choosing individuals from the current population to participate in reproduction operations

(e.g., crossover and mutation) to generate new individuals. Various algorithms can make the selection

process. The first is rank selection, in which the probability of an individual’s selection is proportional to

its fitness value. The second is the roulette wheel selection, where the probability of an individual being

selected is based on their relative fitness. The third method is tournament selection [61], which draws k

individuals randomly from the population and chooses the best individual from the group as the winner.

Replacement is the process of incorporating the new individuals generated by the reproduction opera-

tors into the population. There are several replacement strategies, including replacing the entire population

with the newly generated individuals or keeping a portion of the best-performing individuals and replacing

the rest with the new individuals generated by the genetic operators. These steps are repeated until the

population converges or until a number of generations, time limit, or satisfactory solution is reached. A

population converges when most of the individuals share the same genes.

Reinforcement Learning

Reinforcement learning (RL) is a robust and general optimization framework. Figure 7 illustrates an

overview of RF-based AutoML.
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Figure 7: Overview of architecture search using reinforcement learning.

In RF, an agent interacts with an environment and learns to take actions that maximize a reward

function. The agent learns by trial and error, receiving a reward or penalty for each action it takes. The

agent’s goal is to learn a policy that maximizes the cumulative reward over time, which the agent uses to

decide what action should be taken for a given state.

When applied to AutoML, the agent acts as the optimizer, and its performance is measured by the

environment, which serves as the evaluator. In this case, the agent executes an action At at each step

t to sample a new configuration from the search space. The environment then sends a new state based

on evaluations and a reward (performance of the configuration), Rt, which is used to update the agent’s

sampling strategy (policy). The environment refers to using a standard training procedure to train and

evaluate the configuration generated by the agent, after which the corresponding results (such as accuracy)

are returned. This process is repeated until a number of iterations or a time limit is reached or when the

sampling strategy converges, meaning it is no longer changing significantly. Reaching the latter criteria

incurs considerable time and computational resources since these algorithms typically require a large

number of interactions with the environment to learn an optimal policy.

Gradient Descent

Gradient descent (GD) is a powerful optimization method. It is an iterative algorithm to find a given func-

tion’s local minimum/ maximum. However, it only applies to differentiable functions. Nevertheless, for

CASH problems, the objective is usually not differentiable or even not continuous; therefore, gradient

descent, in general, is not applicable.

Nonetheless, for some differentiable loss functions, such as squared loss and logistic loss, continuous

hyperparameters can be optimized by gradient descent, which offers the most accurate information where

better configurations are located.
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2.2.3 Performance Improvements

The previous sections covered various steps and techniques for building an ML pipeline. In this section, two

popular performance improvement methods are introduced. These techniques speed up the optimization

procedure, as well as improve the overall performance of the generated ML pipeline.

Pipeline ensembling

Ensemble methods consist of combining multiple ML models to create predictions. The combined predic-

tions from various models often obtain better performance and generalization ability than the individual

model [62].

While searching for a well-performing ML pipeline, AutoML frameworks create a large number of differ-

ent pipelines, which perform almost as well as the best performer. Instead of discarding these configura-

tions, the set of best-performing ones can be used to create an ensemble [63], thus improving robustness

and limiting variance and bias errors associated with a single pipeline configuration.

Stacking [64] is a commonly used method in which multiple layers of machine learning pipelines are

created, with each layer being a typical machine learning pipeline. The predicted output of each preceding

layer is added as a new feature to the training data of subsequent layers, allowing later layers to potentially

correct incorrect predictions made by previous layers [65].

Meta-learning

When a data scientist begins building a new model, he does not always start all over again but learns from

previous tasks. AutoML methods usually start from scratch. Meta-learning aims to exploit this shortcoming

by observing how different machine-learning algorithms perform on a wide range of learning tasks and

then learning from this experience. A model is trained on this diverse set of tasks to solve new tasks with

only a handful of training samples, leading to faster convergence with less trial and error [66].

Meta-learning can increase the efficiency of building an automatic ML pipeline by assessing the im-

portance of single hyperparameters, removing unimportant hyperparameters from the search space, or

identifying promising regions [67]. Further, this method can find the prior tasks most similar to a new one

and pick the most promising configuration for each (warm-starting). Warm-starting can be used to start a

CASH algorithm, providing an initial configuration [68]. Meta-learning is also suitable for pipeline structure

search [69].
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2.2.4 Model Evaluation

Once a new configuration has been generated, its performance must be evaluated. There is usually a

trade-off between a faster evaluation and its accuracy. Model evaluation algorithms are presented in the

following subsections.

Direct Evaluation

This is the simplest, most used method where the model is fitted on the entire training set, and the

performance is evaluated on the validation set. Since the number of generated configurations can be

significant, this method is expensive despite being accurate. Some other techniques have been proposed

to fasten this strategy by trading accuracy for efficiency.

Sub-sampling

Fitting a model can take several hours and even days, depending on the dataset used. A common method

to accelerate this process is to train configurations with a subset of the training data. This can be achieved

by using only a subset of samples, a subset of available features, or using multi-fidelity evaluations such

as SuccessiveHalving [70], Hyperband [59], and Fabolas [60].

SuccessiveHalving works by first creating a random set of configurations. Then, all currently remaining

configurations are evaluated. The better half of configurations is transferred to the next iteration, and this

process is repeated from the second step until only one configuration remains. This way, SuccessiveHalv-

ing prevents wasting a lot of training time in unpromising configurations.

Hyperband is also based on the idea of iteratively halving the set of configurations based on their

performance. Fabolas uses a low-fidely model at the early stages of optimization to quickly evaluate a

large number of different configurations and identify the most promising regions of the search space. As

the optimization progresses, FABOLAS uses higher-fidelity models to gather more accurate information

about the performance of the most promising configurations.

Early Stopping

Early stopping is a popular method to prevent overfitting in classic ML. However, in AutoML, it is used to

terminate the evaluation of unpromising configurations early. Such configurations can usually be easily

pinpointed early in model training. If the performance monitored on the validation set is poor, the evaluator

can terminate the training and feedback the candidate as unpromising.

28



For example, by predicting the learning curve of an ML model, the authors of [71] could discard

probably bad-performing configurations without complete training.

Despite being time efficient, early stopping rejects configurations with bad early-stage performance

that may have eventually turned out to be good after sufficient training.

Surrogate models

For configurations that can be easily quantified, one method is to build a model that serves as a surrogate

evaluator, sparing the computationally expensive model training. A surrogate model is an approximation

of the true model and is used to predict the performance of given configurations from the experience of

past evaluations [72], preventing the need to train and evaluate the true model for each configuration.

Parameter sharing

Another strategy that may lead to faster convergence and better performance is to use parameters of

the previously trained models to warm-start the model training for the current evaluation. This is based

on the fact that parameters learned with similar configurations can be close to each other, which means

parameters of the latter configuration can be a good starting point for training.

Although this method may be helpful, it may also incur bias since different start points may lead

convergence to different local optima. When sharing parameters, models also share the same gradients

during the training process, guiding them to the same solution, even if they would have converged to

different solutions if they had been trained independently.

2.2.5 Neural Architecture Search

With the general popularity of deep neural networks, data scientists are often tasked with manually engi-

neering these increasingly complex networks. As with classic machine learning, there was an increase in

research to automate this process, Neural Architecture Search (NAS), which aims to find the best agnostic

neural network architecture.

This field is a subfield of AutoML with some overlap on the already discussed topics. Similar to typical

AutoML, NAS methods’ most relevant characteristics are search space, search strategy, and performance

estimation.
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Search space

The search space refers to the potential neural architectures that can be represented by the NAS algorithm

and greatly determine how difficult the optimization problem becomes. The search space is composed of

parameters such as hyperparameters (e.g., batch size, learning rate), the number of layers, the type of

operation each layer can execute (e.g., convolution, pooling), and the corresponding hyperparameters of

these operations (e.g., kernel and stride size for convolution layers).

The standard search space (entire-structured search space) is composed of all possible neural archi-

tectures, considering every specified operation for each layer.

To explore deeper, more general models, cell-based search space has been proposed [73, 74] in which

the neural architecture is formed of a fixed number of repeating cell structures (blocks), similar to what

is done by human-designed models [75]. This cell-based search significantly reduces the search space

while also achieving better performance.

Search strategy

NAS evolutionary algorithms work similarly as discussed previously, using the same methods presented

in Section 2.2.2 to explore their search space. When applied to NAS, mutations could be adding or

removing layers, adding a skip connection, or altering hyperparameters. EA has been applied to NAS to

entire-structured network architectures [76], as well as cell-based architectures [77, 78].

Within the context of NAS with reinforcement learning, the agent is required to learn a policy to construct

network architectures. The trained networks will return a validation metric as a reward for the agent. RL has

been used in NAS with various agent policies. Zoph et al. [79] were among the first to apply reinforcement

learning to NAS and used a policy gradient to train the agent modeled by a RNN, which predicts a variable

string to depict the architectural hyperparameters. The same authors later proposed a method [74] to

build cell-based neural architectures using Proximal Policy Optimization (PPO) [80] for agent training.

When it comes to Bayesian Optimization that relies on Gaussian processes as the surrogate, there is

a challenge to overcome, namely, how to measure the similarity of two neural architectures, which is not

defined in Euclidean space. This is due to the fact that GP requires measurable distances between two

points. The authors of NASBOT [81] overcome this problem by developing a distance metric in the space

of neural network architectures, which can be computed efficiently via an optimal transport program.

Network edit-distance [82] is another metric to map the distance between architectures based on how

many operations are needed to morph one neural network to another.

For Gradient-based approaches, the most critical challenge is to convert non-differentiable optimization
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problems into differentiable ones. DARTS [83] was a gradient descent-based pioneering algorithm to

search for neural architectures, which used a soft-max function to change the search space to a continuous

one. An encoder-decoder framework is used in [84], which also maps discrete configurations into a

continuous search space.

Performance estimation

Training every given architecture on training data and evaluating its performance on a validation set de-

mands a considerable amount of time and resources [79, 76]. To reduce this computational burden, some

of the strategies already mentioned have also been used in NAS.

Sub-sampling has been used in [60] by training with a subset of training data, by using lower-resolution

images in computer vision tasks [85], or by reducing the model size, such as training with fewer filters per

layer [74]. Learning curve prediction has also been used in NAS [86] to speed up the search.

A form of parameter sharing is the ”one-shot” method, where candidate architectures share the same

weights [87] [88]. One-shot NAS methods embed the search space into an overparameterized supernet,

where all possible architectures directly inherit weights from the supernet. This method significantly speeds

up architecture search by only training the supernet, but it suffers from inevitable bias.

2.2.6 Tool Comparison

In this section, some of the most popular AutoML tools will be analyzed in terms of their features and

capabilities (Table 1).

Table 1: Overview of the different AutoML tools discussed in this section.

AutoML tool CASH Algorithms NAS Pipeline Ensembling Citation Count

Auto-Weka Bayesian Optimization ML, MLP No Stacking, Vote 1524

Auto-Sklearn Bayesian Optimization ML, MLP No Selection 1920

TPOT Evolutionary Algorithm ML No Stacking 216

Auto-Keras Bayesian Optimization, RS DL Yes No 589

AutoGluon Fixed Defaults ML, DL Yes Stacking, Bagging 223

H2O Random Search ML, DL No Stacking 203

NNI BO, EA, GS, RS, others ML, DL Yes No -a

a NNI does not have an introducing paper; therefore, the citation count is not available.

Algorithms refer to the estimators natively supported by these tools. ML: machine learning models; MLP: multilayer perceptron;

DL: deep learning; BO: Bayesian Optimization; EA: Evolutionary Algorithm; RS: Random Search; GS: Grid Search.
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One of the first AutoML frameworks to appear was Auto-WEKA [53], based on the WEKA Java ML

library. Auto-Weka can handle basic preprocessing tasks, such as missing value imputation and normal-

ization. It was the first framework to address the CASH problem where the algorithm choice is a hyperpa-

rameter. Currently, the most recent version is called Auto-WEKA 2.0 [89]. Auto-WEKA uses a tree-based

BO method, Sequential model-based algorithm configuration (SMAC) [90]. Furthermore, Auto-WEKA uses

some ensembling methods after model selection to improve its predictions.

Auto-sklearn [69] is an AutoML tool built on top of the popular Python scikit-learn ML library. Auto-

sklearn has also been getting ongoing improvements [91]. This tool also uses a BO method, namely an

improved version of Sequential model-based algorithm configuration (SMAC), SMAC3 [92]. Auto-sklearn

makes use of meta-learning to warm start the hyperparameter optimization procedure. This works by

evaluating a set of meta-features (i.e., number of data points, features, and data skewness) for each

dataset in a dataset repository and then applying BO to determine and store a machine learning pipeline

with strong empirical performance for each dataset. Then, given a new dataset, its meta-features are

computed, and the 25 closest stored pipelines are selected for evaluation before starting BO with their

results. The original 140 datasets used have since been updated. An up-to-date list of OpenML task IDs

can be found on their github1. Auto-sklearn uses ensemble selection by Caruana et al. [93] to build an

ensemble based on the model’s prediction for the validation set.

Another popular AutoML tool originally developed to automate biomedical data science is TPOT [94].

Regarding data preparation, this tool supports data imputation, standardization, and normalization. Sep-

aration into categorical and numerical features is based on a column’s number of unique values. Prepro-

cessing acts as a single block preceding model selection. However, most of its preprocessing is left to the

user. TPOT also includes algorithms from the sci-kit library and some others. TPOT uses a genetic pro-

gramming algorithm to automate and generate ML pipelines, which is implemented in the Python package

DEAP [95].

TPOT currently supports neural network models as an experimental feature. However, the developers

caveat that these models might not be necessary for multiple reasons: firstly, these models take a more

significant amount of time and computing power to train than the implemented counterparts; TPOT will

occasionally learn pipelines that stack several estimators, which can be nearly identical to some deep

learning models, while generally optimized much faster; finally, TPOT’s default estimators frequently are

more manageable to introspect than deep learning models.

Auto-Keras [82] is a tool based on the popular library Keras, which focuses more on searching for

1 https://github.com/automl/auto-sklearn/blob/master/scripts/update_metadata_util.py
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deep learning architectures. The architecture search is performed with BO and network morphism as a

metric to map the distance between architectures. It also uses random search, and Hyperband [59] to

tune non-architectural hyperparameters.

AutoGluon [65] is another Python library for AutoML. AutoGluon implements two levels of preprocess-

ing: model-independent and model-specific. This division avoids unnecessary calculations when they are

not required. In addition to classical operations like normalization, gap-filling, and categories encoding, the

framework has a module for converting datetime indexes into numerical features. AutoGluon explores the

search space of models in a predefined order. Reliable models, such as random forests, are trained before

less reliable models, such as k-nearest neighbors. This tool considers models such as neural networks,

some sci-kit learn implementations, and others, with the possibility of adding custom models.

These models are ensembled in a stack of multiple layers and trained layer-wise, guaranteeing high-

quality predictions within a given time restriction. Some methods used to increase accuracy include the

use of skip connections both in multi-layer ensembling and neural network embedding. K -fold bagging

is used to prevent overfitting and reduce variance in predictions by splitting the data in various ways with

mindful tracking of out-of-fold examples.

H2O AutoML [96] is available in Python, Java, Scala, and R. This tool supports automatic type detec-

tion, categorical encoding using OneHotEncoding, imputation methods, and normalization. Preprocessing

is optional for some models. Similarly to AutoGluon, available algorithms are tested in a fixed order (which

can be customized by the user) set to start with models that consistently provide good results. The time

spent on some algorithms is purposefully larger than on others according to their perceived or estimated

”value” of each task. H2O AutoML uses random search on a set of hyperparameters they consider most

important for each algorithm. In the end, the best-performing configurations are stacked to create an

ensemble.

NNI [97] is a Python toolkit for AutoML, which includes feature engineering, hyperparameter opti-

mization, and neural architecture search. NNI works with algorithms from the sci-kit library as well as

TensorFlow [98], PyTorch [99], and MXNet [100]. This tool supports various search strategy algorithms,

including Random and Grid Search, a variation of an evolutionary algorithm [101], a policy-based reinforce-

ment learning algorithm [79], a TPE Bayesian optimization algorithm, and an array of one-shot methods.

Furthermore, this toolkit expects users to define their own neural architectures and provides an Application

Programming Interface (API) of mutations that introduce variability to the models.
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2.3 Cancer Treatment and Drug Response

2.3.1 Cancer Treatment

Cancer is a group of diseases characterized by abnormal cell growth and the development of certain traits

known as the hallmarks of cancer. These hallmarks, which are progressively acquired by many tumors,

include the ability to evade growth suppression, maintain proliferative signaling, and metastasize. Other

characteristics of cancer may include the induction of angiogenesis, resistance to cell death, modification

of cellular metabolism, and evasion of immune destruction [102].

Despite their similarities, tumors exhibit a high degree of diversity, not only in their histological appear-

ance but also at the molecular level, resulting in a large array of treatment strategies. The treatment of

cancer typically involves a combination of modalities such as surgery, chemotherapy, radiation therapy,

and targeted therapies, and may also include immunotherapy and hormone therapy [103, 104]. Can-

cer treatment aims to remove or destroy cancer cells and prevent their spread to other body parts while

minimizing adverse side effects on the patient.

Chemotherapy, which is often used as a synonym for cytotoxic drugs, refers to a type of cancer

treatment that targets rapidly dividing cells. These drugs can be harmful to both cancerous and healthy

cells, leading to potential negative side effects. Molecularly targeted therapy, which specifically targets

proteins altered in tumors, may also be classified as chemotherapy. However, these drugs aim to inhibit,

for instance, the biochemical pathways crucial for tumor maintenance and are often less toxic than cytotoxic

drugs [104]. Immunotherapies, another form of targeted cancer therapy, aim to stimulate or enhance the

immune system’s ability to recognize and attack cancer cells. These therapies may include monoclonal

antibodies, which are designed to bind to specific proteins or cells in the immune system or on the surface

of cancer cells, and stimulate or inhibit their function [104]. Other immunotherapies, such as checkpoint

inhibitors, target proteins that inhibit the immune response, allowing the immune system tomore effectively

recognize and attack cancer cells.

Personalized cancer treatments refer to therapies tailored to the specific molecular characteristics of

an individual’s cancer. These treatments are based on the understanding that different types of cancer,

even within the same tissue or organ and histological subtype, can have different molecular drivers and

vulnerabilities [105]. Molecular profiling technologies, such as next-generation sequencing, are used to

analyze cancer cells’ genomic, transcriptomic, epigenomic, proteomic, and metabolomic characteristics.

This can reveal the specific genetic mutations, changes in gene expression, and other molecular abnormal-
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ities that drive the development and progression of cancer, thus increasing treatment success by designing

treatments adapted explicitly to these characteristics.

2.3.2 Drug Resistance and Drug Combination

The efficacy of drug-based anti-cancer therapies is often reduced after an initial period of responsiveness

due to the emergence of drug resistance mechanisms in cancer cells. These mechanisms may be intrinsic,

meaning the presence of resistance-conferring factors in tumor cells is present prior to therapy, rendering

it ineffective. Drug efficacy may also be reduced by acquired drug resistance, which develops during the

treatment of initially sensitive tumors and may be caused by mutations that arise during treatment, as well

as various other adaptive responses [8].

A variety of mechanisms have been implicated in drug resistance in cancer. The activation of alter-

native signaling pathways that are functionally similar to the targeted pathway can promote survival and

proliferation, allowing cancer cells to evade treatment effects [8]. Drug resistance can also be caused

by changes in how drugs are transported across cell membranes (drug efflux) [106]. Target alteration

can influence cancer drug resistance in a number of ways, such as the development of mutations and or

upregulation or overexpression of the target protein [106]. Drug resistance may be caused by changes in

enzymatic conditions that lead to the lack of activation or inactivation of the drug [107]. The DNA damage

response (DDR) is a system that repairs direct or indirect DNA damage caused by chemotherapy or other

drugs. Epigenetic modifications, such as DNA methylation and histone modification, can also affect the

expression of proteins involved in DNA repair, leading to an increased ability to repair the damage caused

by drugs [106, 107, 8]. Other mechanisms, such as the protective role of the tumor microenvironment

[8] [107], reduced drug uptake [107], cell death inhibition [106], and others, are also involved in drug

resistance.

Administering a combination of drugs that work through different mechanisms may be able to over-

come resistance caused by a single drug. Many current drug combinations are being used or evaluated in

clinical trials for cancer treatment. An example is the pembrolizumab/ pemetrexed/ carboplatin combina-

tion that is being evaluated for the treatment of non-small cell lung cancer and includes two chemothera-

peutic drugs (pemetrexed and carboplatin) and a checkpoint inhibitor (pembrolizumab) [108]. Dabrafenib/

trametinib combination is used to treat advanced melanoma and uses two targeted therapy drugs [109].

Other known drug combinations are cetuximab/ irinotecan, pertuzumab/ trastuzumab/ docetaxel, and

ibrutinib/ rituximab, among many others.

Ideal drug combinations are those that have additive synergistic effects, i.e., when combining drugs,
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the drugs may produce an effect greater than the sum of their individual effects, an effect known as drug

synergy. This can be due to various mechanisms, such as the drugs targeting different proteins within the

same pathway or targeting parallel pathways. In addition, drug synergy allows for the use of lower dosages

of each individual drug, potentially reducing the risk of toxic side effects [9]. Nevertheless, developing

drug combinations poses inherent scientific challenges along with economic considerations, intellectual

property issues, and logistical obstacles [110].

The underlying difficulty of identifying effective anti-cancer therapies due to drug resistance, cancer

complexity, lack of preclinical and clinical trial data, high cost, and several other reasons, call for new

strategies and treatments to predict drug response.

2.3.3 Drug Response Screening

High throughput screening (HTS) is a laboratory technique used in the early stages of drug discovery to

identify potential new treatments against a specific target or disease. In cancer research, HTS is often

used to identify compounds that have the potential to inhibit the growth of cancer cells or interfere with

specific cancer-associated processes, such as angiogenesis or cell proliferation. HTS assays can be ei-

ther biochemistry-based or cell-based and involve administering the compounds being tested at various

concentrations to cancer cell lines and measuring the resulting cellular response [111].

Screening results are typically represented as dose-response curves, which show the relationship

between the concentration of a compound being tested and its effect on the cell or biochemical system

being studied (Figure 8). This is often done through graphical representation, with the concentration of

the compound or the function of dosage (log concentration) on the x-axis and the response on the y-axis.

The shape of the curve can provide information about the compound’s mode of action and its potential for

further development as a therapeutic agent. As the dose-response curve is generally sigmoidal, it could

be represented by a Hill equation [112]. Additionally, the potency of a compound can be determined by

measuring the concentration required to produce a specific response, such as the half maximal effective

concentration (EC50), half maximal inhibitory concentration (IC50), or the growth inhibition of 50% of cells

(GI50), among others.

The effect of drug combinations on cancer cells can be represented using a surface plot, where the

x and y-axes represent the concentrations of the two drugs in the combination, and the z-axis represents

the resulting effect (Figure 9). This allows for a more detailed visualization of the effect of different combi-

nations of drug concentrations.
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Figure 8: An example of drug-response curves. Figures generated using Combenefit [113].

Figure 9: An example of a dose-response surface for the combination of the two previous drugs. Figure

generated using Combenefit [113].

There are several ways to quantify the effects of drug combinations. One commonly used method is

the combination index (CI), calculated using the Loewe additivity model [114]. The CI is a measure of the

interaction between two drugs in combination. A CI of 0 indicates complete synergy, a CI of 1 indicates no

interaction, and a CI greater than 1 indicates antagonism [115]. Another method is the Bliss independence

model [116], which is similar to the Loewe additivity model but allows for the possibility of more than two

drugs in combination. The combination index can be calculated using various software tools, such as

CalcuSyn [117].

2.4 Deep Learning for Drug Response Prediction in Cancer

NAS represents a significant leap forward in the field of ML, acting as an automation tool for identifying

the best-performing neural network architecture for a given dataset. Over the past decade, deep learning
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has driven breakthroughs in diverse areas such as computer vision, natural language processing, speech

recognition, and reinforcement learning. While there are many reasons for the rise in DL popularity, includ-

ing DL’s ability to automate feature extraction, as well as an increase in data availability and computational

resources, its success can also be primarily attributed to specialized, high-performing neural architectures.

NAS is becoming increasingly prevalent for automating the time-consuming architecture design step.

NAS has already outperformed human-designed architectures in many tasks. It has been used to de-

sign networks that meet or exceed the performance of hand-crafted architectures [74, 101, 118, 119, 120].

Despite its distinction in numerous other domains, there is a notable scarcity of studies that have specif-

ically addressed the field of drug response prediction. Only a recent study, AutoCDRP [121], focuses

on this specific task. AutoCDRP uses a surrogate model to predict the performance of GNN architec-

tures sampled from a search space, allowing it to select the optimal architecture based on evaluation

performance. The findings from this study demonstrated that the optimal GNN architecture generated

consistently outperformed other cancer drug-response prediction state-of-the-art designs.

DL methods have the ability to handle large volumes of high-dimensional and noisy data, such as omics

datasets, and may be able to capture and model complex biological data relationships. For these reasons,

DL is well-suited for predicting the response of cancer cells to different drugs and drug combinations, which

is essential for developing personalized and effective cancer treatments. Figure 10 provides an overview

of common input data and output variables used in deep learning-based drug prediction models.

In this section, the previous work developed by the host group [10, 122, 123], and other DL methods

for drug response prediction will be explored, including the different approaches and architectures that

have been employed. Table 2 summarizes some of the studies that have used deep learning for drug

response prediction.

2.4.1 Data in drug response prediction

Many input representations can be derived from drug compounds, including SMILES strings, molecular

fingerprints, chemical descriptors, chemical graphs typically used on GNNs, or images typically used on

CNNs (Figure 10). Molecular descriptors are numerical representations of a molecule’s physical and

chemical properties obtained through logical and mathematical transformations [139, 140]. A molecular

fingerprint encodes the structure of a molecule into a numerical vector [139]. There are multiple ways to

represent a compound as a fingerprint (Figure 11). In substructure key-based fingerprints, the vector values

are set according to the presence or absence of predefined substructures (i.e., ’1’ if the given substructure

is present and ’0’ if absent) [139]. Path-based fingerprints are molecular representations that encode the
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Table 2: Published studies that have used deep learning for drug response prediction.

Study Training Datasets Input Data Types Model Prediction Task

DeepDSC [124] CCLE [125], GDSC [126] mRNA EXP, FP Stacked AE + DNN Drug sensitivity

CDRScan [127] COSMIC [128], GDSC [126] MUT, FP 5 CNN ensemble Drug sensitivity

MOLI [129] GDSC [126] mRNA EXP, MUT, CNV

DNN subnetwork for

each data type + final

DNN prediction subnetwork
Drug sensitivity

TGSA [130]
CCLE [125], GDSC2,

ZINC15 [131], ChEMBL [132]

mRNA EXP, MUT, CNV,

CG

TGDRP (including a

pre-trained GNN) + SA Drug sensitivity

DRPreter [133] CCLE [125], GDSC2
mRNA EXP, MUT, CNV,

SMILES

2 GNNs + Transformer

+ MLP
Drug sensitivity

DeepSynergy [134] Merck Compound Screen [135]
mRNA EXP, FP, drug

chemical features
DNN Drug synergy

MatchMaker [136] DrugComb [137], GDSC [126]
mRNA EXP, chemical

descriptors

DNN subnetwork for

each drug + final

DNN prediction subnetwork
Drug synergy

DeepDDS [138] Merck Compound Screen [135] SMILES, mRNA EXP GNN + MLP + FCN Drug synergy

MUT: mutation data; CNV: copy number variation data; mRNA EXP: mRNA expression data; SMILES: Simplified Molecular-Input

Line-Entry System strings; FP: molecular fingerprints; CG: chemical graph; AE: autoencoder; TGDRP: Twin Graph neural net-

works for Drug Response Prediction; SA: similarity augmentation; MLP: Multi-Layer Perceptron; FCN: Fully Connected Network;

connectivity of atoms within a molecule, emphasizing the specific paths or bonds between atoms [139].

Circular fingerprints encode circular atom environments up to a given diameter [139]. Alternatively, end-

to-end DL approaches can be used since they can learn relevant features directly from raw input data,

eliminating the need for explicitly calculated descriptors and fingerprints.

Cell line features usually include gene expression data, which are typically continuous features that

have undergone some form of normalization, copy number variations (CNV), somatic mutations, which are

usually binarized (presence/ absence of an alteration), or other omics data (proteomics, metabolomics,

etc.). Target information is typically employed to create features that indicate the pathways related to a

specific target. The outputs of these models are values describing the drug dose-response relationship.

For single drugs, this is usually half maximal inhibitory concentration IC50 and growth inhibition of 50% of

cells GI50, which can be binarized for classification tasks, or AUC. For drug combinations, the output value

is usually a value that quantifies the effects of drug combinations based on a given reference model such

as the Loewe additivity [114] or Bliss independence model [116].
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Figure 10: Common inputs and outputs used in deep learning-based drug response prediction models.

Adapted from [10].

(a) Substructure key-based (b) Topological path-based (c) Topological circular

Figure 11: Compound represented as molecular fingerprints.

2.4.2 Predicting Single-Drug Sensitivity

The host group [10] used the data provided by the Cancer Target Discovery and Development (CTD2) Beat

AML challenge to assess how different input data types, preprocessing, and model architectures affect the

results of drug sensitivity in acute myeloid leukemia. Besides drug sensitivity data, the available dataset

contained other omics data, including high-confidence somatic mutations and RNA-Seq gene expression
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data; and clinical data characterizing the patient-derived tumor specimens. These inputs were tested in

four different combinations, each including all or a subset of the data types. Furthermore, from each

combination derived variations with different data processing and modeling characteristics. A multimodal

model was used with separate subnetworks for each data type, with each subnetwork responsible for

encoding the features of that data type. The encoded representations from each subnetwork were then

concatenated into a single tensor and fed into a final fully connected subnetwork, which was responsible

for predicting the area under the dose-response curve (AUC) value for specimen-inhibitor pairs.

SMILES strings were retrieved from the corresponding inhibitor names using PubChem [141]. These

were used to train fully connected layers when featurized using molecular fingerprints (ECFP4/ECFP6)

or pre-computed Mol2vec embeddings, to train LSTMs when one-hot encoded, 1D CNNs and TextCNN

models. When used, the gene expression data underwent feature selection, either selecting the N most

variable genes, using the SelectKBest feature selector from scikit-learn, or protein-coding genes. The

clinical data was used to train models containing the entire data or only a small subset. All of these model

combinations and variations were tuned using Random Search with a maximum of 60 combinations of

hyperparameter values, and the best-performing models were used in heterogeneous ensembles.

It was concluded that models trained with mutational data as input showed better performance. Fea-

ture selection based on univariate statistical tests (SelectKBest) and only using protein-coding genes in-

stead of the N most variable genes when using gene expression data improved model performance. In-

cluding clinical features in addition to the expression, mutation, and drug features slightly improved per-

formance. Finally, 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.

Another approach to this problem was the DeepDSC model [124] using a stacked autoencoder and a

feedforward neural network. This model uses cell line expression data and compound fingerprints collected

from two public datasets, Cancer Cell Line Encyclopedia (CCLE) and Genomics of Drug Sensitivity in Cancer

(GDSC), as input. Firstly, the gene expression data is fed into a stacked deep autoencoder producing

encoded features with a much smaller dimension than the original data. The encoded features are then

concatenated with the computed fingerprints and fed into a fully connected feedforward neural network.

The model was trained on both datasets individually, using 10-fold cross-validation, achieving relatively

high predictive performance. The model was validated using leave-drug-out validation, where the model

is trained on a dataset that includes all drugs except for one and tested on a test set that includes only

the left-out drug. The performance of the model decreased significantly when tested on the leave-drug-out

experiment, thus concluding that it was not able to effectively generalize to new compounds.
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CDRScan [127] is an ensemble of five CNNs with different architectures. The input data types (mu-

tation data and molecular fingerprints), were derived from the Catalogue Of Somatic Mutations In Cancer

(COSMIC) cell line project (CCLP) and Genomics of Drug Sensitivity in Cancer (GDSC) databases. Four of

the five CNNs adopt a dual convergence architecture where an independent series of convolutions were

performed on each input data type. The two sets of convoluted features are then merged and subject to

another series of convolutions before predicting the IC50 values for cell line-drug pairs from the GDSC.

The last CNN adopts a conventional approach where both the input data types are trained together. The

predictions of the five models are then averaged to define the final outcome of CDRScan.

Two out of the five individual models of CDRScan performed better than the final ensemble model,

however, the authors argue that the overall generalizability of CDRScan is improved by the usage of an

ensemble. Similar to [10], the authors claim mutation data does indeed have a significant influence on

the responsiveness of anticancer drugs. Finally, the ensemble model was used to address the feasibility

of drug repurposing using CDRscan, having identified 37 approved drugs (out of 1487) with potential new

cancer indications.

MOLI [129] is a similar approach to [10], having different subnetworks for each input data type.

It employs 3 DNNs, one for gene expression, one for somatic mutations, and one for CNVs to learn

latent representations from different omics data. The learned features from the encoding subnetworks

are concatenated and fed into a classification subnetwork, which predicts drug response. MOLI is a

classification model that uses a combination of binary cross-entropy loss and a triplet loss. This model

was trained on the GDSC dataset and validated using the PDX Encyclopedia and The Cancer Genome Atlas

(TCGA) datasets.

The authors concluded that not only did multi-omics data achieve better results than single-omics data,

but their later integration after representation was also superior when compared to approaches that merge

different feature types before training. Furthermore, when trained on a drug-targeted input, MOLI achieved

significantly better performance, suggesting that transfer learning can improve the prediction performance

for the targeted drugs.

TGSA [130] applies Twin Graph neural networks for Drug Response Prediction (TGDRP) and a Similarity

Augmentation (SA) module. This method uses gene expression, mutation, and copy number variation from

the CCLE dataset and the IC50 values from the GDSC2 dataset. The Catalogue Of Somatic Mutations In

Cancer (COSMIC) dataset was used as a feature selection method to select cancer-related genes. TGDRP

is a two-branch network, where each branch is a GNN to represent cell lines and drugs individually. A

drug is represented as a molecular graph that takes atoms as nodes and chemical bonds as edges. A
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Graph Isomorphism Network (GIN) [142] is used to update atom (node) features through the message

passing procedure. A cell line is represented as a gene–gene interaction graph. A GAT [143] is used as

the message passing procedure in this branch. The drug and cell line representations are concatenated,

and fed to a fully connected network to produce the final predicted IC50 values. TGSA uses a pre-training

strategy on the drug branch GNN using node-level self-supervised on the ZINC15 dataset and graph-level

multi-task supervised pre-training on the ChEMBL dataset.

A similar approach that revealed even better results than TGSA is DRPreter [133]. DRPreter is com-

posed of three main parts: a cell line graph representation module, a drug graph representation module,

and a drug response prediction module. Cell lines are represented as graphs where nodes are genes, and

the edges represent the interactions between genes. Only genes involved in 34 selected cancer pathways

were selected. Drugs are represented as graphs with atoms as nodes and chemical bonds as edges. Two

GNNs were used to encode these graph representations. These resulting embeddings were then input into

a transformer-based cell line and drug fusion module, where they were updated to reflect inter-pathway

and pathway-drug relationships. After some more processing steps, the IC50 of the cell line-drug pair was

predicted using a multi-layer perceptron (MLP), with the two graph-level embeddings as inputs.

2.4.3 Predicting Drug Combination Effects

The host group [10, 122] carried out a similar approach to single drug sensitivity in the context of drug

synergy prediction by evaluating the impact of different preprocessing steps, types of input data, and

DL architectures on the final performance of the methods. This time, the authors built models with two

combinations of input data types: one using drug features for both drugs and gene expression data and

the other with additional omics data, using mutation data and copy number variations. Once again,

models were built using a multimodal approach, with each input data type having its own feature-encoding

subnetwork. Each drug in a combination had a separate feature-encoding subnetwork, with weights being

shared between the two drug subnetworks. The learned representations from each subnetwork were then

concatenated and fed into a fully connected drug synergy prediction subnetwork.

The impact of the model architecture used to process the gene expression values was first tested,

along with the influence of the arrangement and order of the genes (chromosome position order vs. clus-

tering order). The results revealed that fully connected gene expression subnetworks trained using the

original gene expression values (tabular format) outperformed 1D and 2D convolutional gene expression

subnetworks, regardless of gene arrangement and order. Several other predefined gene sets were tested.

The authors noticed that using prior biological knowledge for feature selection proved to be beneficial.
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Furthermore, different drug representations were tested, with the model trained on ECFP4 fingerprints

achieving the best performance. Finally, the authors found out that including mutation and CNV data

slightly decreased model performance in this study.

DeepSynergy [134] was the first study in the literature to use deep learning to predict drug combination

effects. DeepSynergy uses drug chemical features, fingerprints, and gene expression data to predict a drug

synergy score (Loewe Additivity [114] score was used). The model is a DNN that receives concatenated

vectors, including the features of two drugs and one cell line, as input. It was trained using data from the

Merck Compound Screen. DeepSynergy performed significantly better than the machine learning models

it was compared to; however, when presented with data from previously unseen cell lines or compounds,

performance was considerably worse.

Since DeepSynergy, more recent approaches have been developed that do not involve concatenating

all features into one input vector. MatchMaker [136] uses chemical descriptors for both drugs and cell

line gene expression to predict drug synergy. The model was trained on DrugComb, reported to be the

largest drug combination dataset, containing drug combinations from several studies, and using gene

expression data gathered from the GDSC dataset. MatchMaker is composed of two subnetworks and

a final prediction module. Each of the two subnetworks is a DNN sharing the same architecture that

receives an input with each drug’s features together with the cell line’s features. The resulting embedding

vectors with a representation of each drug conditioned on the corresponding cell line gene expression are

concatenated and input to a final DNN that predicts the final output.

DeepDDS [138] is a deep learning model that classifies drug combinations as synergistic or antagonis-

tic. The Merck Compound Screen dataset was used to train the model that receives gene expression data

of cancer cell lines and drug SMILES, based on which the chemical structure of a drug can be converted

to a graph, as input. The genomic feature representation of cancer cell lines is encoded by a multi-layer

perceptron (MLP). Each of the drug’s chemical structure is represented as a graph where nodes are atoms

and edges are chemical bonds. The authors tested both a GAT and a GCN to extract the features of drugs.

The cell line and drug embedding vectors are then concatenated and fed into a fully-connected network

for the binary classification of drug combinations. A drug combination is predicted as synergistic or an-

tagonistic if its synergy score (in this case, Loewe Additivity score) is higher than 10 or lower than 0,

respectively.

The model using a GAT achieved slightly better results than the GCN one, however, both outper-

formed all the other methods used to compare DeepDDS. The model was also validated on leave-drug

combination-out, leave-drug-out, and leave-tissue-out experiments and on an independent test set released
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by AstraZeneca. The overall performance of all models decreased, which was to be expected. Finally, the

authors tested the viability of DeepDDS in predicting novel synergistic combinations, by testing on com-

binations of targetted drugs approved by the Food and Drug Administration (FDA). The results of this

experiment were consistent with the literature, having identified drug combinations observed in previous

studies or under clinical trials.
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Chapter 3

Software Development

3.1 Software tools used in the development

In this section, the tools selected for the development of this thesis and the reasoning behind these

decisions are discussed. The main goal of this work is to develop a generic module, supporting multiple

types of input data, and that uses NAS to consider DL models with different architectures and different

hyperparameters. This module should be able to identify the most suitable model that can effectively

handle the provided data.

To reach this goal, a set of decisions regarding the selection of tools and technologies had to be made,

which involved both literature research and the evaluation and comparison of distinct software tools. These

decisions include the underlying programming language used to develop the module, the deep learning

library, and, most importantly, selecting an AutoML tool.

Since Omnia, the internal platform where the work will be carried out, already uses Python and this

programming language is compatible with most deep learning libraries and AutoML tools, it was the most

straightforward choice for this project. Python is a high-level, interpreted, and general-purpose dynamic

programming language with an extensive package library and is widely used in ML projects [144].

PyTorch [99] and TensorFlow [98] are the most popular deep learning libraries, each with its own

strong points. PyTorch was chosen as the DL library for this work mainly for its ”pythonic” and object-

oriented style, as well as its popularity in the research community. Looking at the data from Papers with

Code, it is noticeable PyTorch’s rise in popularity, with 60% of repositories implemented in PyTorch, and

only 3% implemented in TensorFlow.

The most crucial decision to be made in this work lied in the selection of an AutoML tool. The initial step

to determine if an AutoML tool was suitable for the project was to check if it included NAS capabilities. Thus,

tools such as Auto-Weka [53], Auto-Sklearn [69], TPOT [94], and H2O [96] were immediately disregarded.

The most promising AutoML tools with NAS capabilities included AutoGluon [65], Auto-PyTorch [145],
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NNI [97] and Auto-Keras [82]. Since PyTorch was chosen as the deep learning library, Auto-Keras was

removed as a possible candidate. Auto-PyTorch was also excluded due to its discontinued development,

having received its latest update over a year ago. Thus, the main options for this subject were AutoGluon,

which is already being used in Omnia, and NNI, which includes state-of-the-art algorithms and is actively

maintained and developed.

In order to make an informed decision and choose the most suitable AutoML tool that aligns with the

project’s objectives and delivers the best possible results, further research was conducted to evaluate their

respective capabilities. The following section aims to identify the key differences between these tools and

compare their customization, and flexibility.

3.1.1 NNI and AutoGluon comparison study

NNI and AutoGluon are both open-source AutoML tools that offer NAS capabilities. Both tools can search

various neural network architectures to find the best-performing one. However, there are some key differ-

ences between these two tools.

The main difference lies in how automatic the search for optimal deep learning models is. While

AutoGluon requires minimal user interaction, i.e., NAS is built into the AutoML pipeline, NNI requires the

user to define the model space, mutations, search strategy, etc. On the one hand, NNI offers much

more flexibility and state-of-the-art algorithms for both search strategies and model mutations. On the

other hand, AutoGluon uses a meta-learning approach (bagging), which allows the framework to learn

from previous search iterations and apply this knowledge to future iterations. Furthermore, AutoGluon also

includes ensembling.

NNI1

Search Strategies NNI provides an array of exploration or search strategies that can be divided into

multi-trial and one-shot. The main difference is that one-shot strategies evaluate multiple architectures

simultaneously by training a single supernet that encompasses all possible architectures, while multi-trial

strategies evaluate architectures independently. Either approach has its strengths and limitations.

Multi-trial strategies include grid and random search as well as an evolutionary algorithm [101], a

1 When the development of this module started, and for most of its duration, the latest NNI version was version 2.10. Therefore, the following information

is regarding this version. However, it is important to note that a new version was released since then, and the project was updated accordingly, yet new

functionalities were not explored. The new release addressed several critical issues, meaning updating the project was necessary. Consequently, some of the

written information in this module might have changed in the newest version. It is recommended to refer to the latest documentation and release notes for the

most up-to-date information and instructions.
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Bayesian optimization algorithm [146], and a reinforcement learning algorithm [79]. One-shot strategies

include a gradient descent-based algorithm [83], a reinforcement learning algorithm [147], and several

others. Most of these algorithms are based on implementations present in state-of-the-art literature about

this topic.

Finally, it is worth mentioning that instantiating an exploration strategy is very straightforward and

requires only a couple of lines of code at most.

Search Spaces Search space refers to all possible neural network architectures that can be explored

during the search process. NNI provides an API of Mutation Primitives that are utilities to build blocks in the

search space. These mutation primitives are usually straightforward to use and understand. This library

includes: LayerChoice, which selects from a type of layer; ValueChoice, which selects from some

candidate values; InputChoice, selects from some inputs (tensors); Repeat, which repeats a block by

a variable number of times; Cell, popularly used in literature [79, 74, 83], which is a sub-network that

can vary in its operations and connectivity pattern, and some other cell variants [148, 149].

NNI also contains pre-defined model spaces from literature, denominated as Model Space Hub.

One way to use the model space is to directly leverage the searched results, i.e., using state-of-the-art

searched architecture along with its associated weights (transfer learning). Using these model spaces to

search for a new architecture on a particular dataset is also possible. So far, the model spaces are all

built for image classification tasks, with plans to add natural language processing NAS models such as

NAS-BERT [150] and LightSpeech [151].

Other features NNI provides commonly used model evaluators for regression and classification tasks

built upon the PyTorch-Lightning library. These can use this library’s features, like callbacks, to rule out

unpromising configurations early. It is also possible to use a custom PyTorch-Lightning evaluator. Finally,

it is possible to visualize the running experiment using the dedicated frontend, which provides significant

helpful information. TensorBoard is also integrated with NNI, allowing users to visualize and analyze the

neural network architectures and performance metrics generated during the search process.

AutoGluon

Search Strategies AutoGluon’s search strategies are limited to random search and Bayesian optimiza-

tion.
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Search Spaces Regarding search spaces, AutoGluon provides an API to introduce mutations into mod-

els. This module, named Space, includes: Categorical, which chooses from a list of categorical

values; Real, search space for numeric hyperparameter that takes continuous values; Int, and Bool,

which work similarly, used for hyperparameters of each value type.

AutoGluon has a built-in fully connected network that allows for specifying model space and hyperpa-

rameter values with a fixed value or a search space using the Space API. AutoGluon automatically chooses

default settings for unspecified hyperparameters, which can also be fixed values or search spaces.

Other features Although not directly related to NAS, AutoGluon includes some features that distinguish

it from NNI that are worth mentioning. AutoGluon’s predictions are further enhanced by using both bagging

and ensembling. AutoGluon automatically selects validation data from provided training set using stratified

sampling. The fraction of the provided training data to hold out for validation can be specified. AutoGluon

also offers interpretability, providing feature importance scores.

Customization and Flexibility

Both AutoGluon and NNI provide customization and flexibility options for neural architecture search. Auto-

Gluon allows users to define their own custom models with the added benefit of bagging and ensembling

when integrated with the typical AutoGluon workflow. Autogluon provides flexible hyperparameter tuning

options, allowing users to specify constraints on the hyperparameters or use default values. The docu-

mentation does not mention the possibility of adding custom mutation primitives or search strategies.

NNI supports multiple deep learning frameworks, including TensorFlow, PyTorch, and MXNet. NNI

allows users multiple degrees of customization. It is possible to define custom model mutations, cus-

tom evaluators (using plain PyTorch or PyTorch-Lightning), and even custom search strategies, providing

interfaces to make these processes easier.

Limitations and other remarks

One main limitation of NNI, when compared to AutoGluon, is that trained models are not saved. Top

models are exported as dictionaries of configurations, meaning that to evaluate predictions on a test set,

it is required to instantiate the model and retrain it again before predicting on the test set. Furthermore,

these discarded models could be saved for stacking, which NNI does not support. Although holding out

a part of the training data for validation is not troublesome, NNI’s evaluators do not automatically select

validation data from the provided training set. NNI doesn’t offer any interpretability features, which could
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be a future concern, particularly for DL.

AutoGluon’s main weakness in performing NAS lies in its limited API to mutate the model space.

AutoGluon’s Space module is comparable to a single NNI primitive (ValueChoice). In addition, Auto-

Gluon does not support many search strategies, which is a big part of NAS. Also, AutoGluon has limited

customization options. Adding custom mutators, search strategies, or evaluators is impossible. In com-

parison to NNI, the documentation of AutoGluon was somewhat insufficient. The documentation does not

mention the Space module, nor does it have a dedicated section for search strategies.

Conclusion

This study compared NNI and AutoGluon NAS capabilities. Both tools provide significant benefits for

automating the DL pipeline, saving time and effort for users. However, they also have their unique weak-

nesses. AutoGluon provides a user-friendly interface for non-experts to quickly build DL models. On the

other hand, NNI offers greater flexibility and customization options, including many state-of-the-art features

and algorithms.

Despite their strengths, both tools also have some limitations. AutoGluon only offers fully connected

models for deep learning. Other deep learning architectures have to be programmed manually. Imple-

menting custom model spaces is more straightforward on NNI. Arguably so, since NNI treats NAS as an

independent module, whereas in AutoGluon, it is a part of the overall AutoML pipeline. Generally, NNI is

more modular; it provides the pieces to build an AutoML pipeline. AutoGluon, on the other hand, offers

this AutoML pipeline from the get-go.

Overall, AutoGluon offers a more automatic and easy-to-use approach to AutoML, and, despite its

lacking NAS capabilities, it provides excellent results. On the other hand, NNI allows a more versatile and

complete NAS development, with many implemented features present in literature.

In the context of this work, since the main objective is to use NAS to its full extent, NNI best aligns with

this goal by offering a simple yet comprehensive library to build multiple DL model architectures. Further

preliminary results comparing both tools in terms of performance were explored in appendix A.

3.2 Core platform

OmniumAI, the company where the work was carried out, has been developing an internal platform called

Omnia with the aim of using AutoML techniques to create accurate ML models with minimal effort. Omnia

includes tools to analyze biological, biochemical, and biomedical data such as compounds, proteins,
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genes, metabolomics, and transcriptomics.

Omnia’s main package includes generic objects that the remaining packages can use. It contains

utilities such as the base objects for fitting and transforming data, validation methods for input data, the

implemented models and base objects for setting up new models, the tabular predictor to fit multiple

models to input data, the pipeline transformers to chain multiple transformers and read and write file

utilities.

Other packages, such as the Compounds package, extensively use the methods provided by Omnia’s

main package to develop specialized methods for processing compound data, such as SMILES. This pack-

age contains feature extraction methods to extract meaningful information from SMILES strings, including

molecular fingerprints, 2D and 3D descriptors, and Mol2Vec embeddings. It also includes compound

standardization and molecular splitting methods for SMILES data. Similarly, the remaining packages offer

relevant tools for their respective data types.

Omnia simplifies the process of transforming data and obtaining the most optimal model for the given

dataset through its Pipeline object. The Pipeline object can chain multiple transformers and a

single predictor in a pipeline. Transformers include featurizers and standardizers. Currently, only one

predictor is available, the TabularPredictor, which uses Autogluon’s class by the same name. The

TabularPredictor class can be used on regression or classification tasks to make predictions on new

data. A tabular predictor can fit several model algorithms to input data in a tabular format. The predictor

can then predict the output variable or new data using the fitted models.

Furthermore, a tabular predictor can be used to perform hyperparameter tuning on a dataset. This

will automatically fit all models on the dataset and use the hyperparameter search space (given or default)

to find the best model configuration. It can train several configurations until the best model is found. It

can also perform ensemble learning using bagging and stacking automatically.

Omnia’s latest addition includes a pipeline hyperparameter optimization module that uses NNI to

obtain the best-performing parameters in a configuration file. This file includes a search space, which can

contain transformers and predictors with either default settings or an array of choices for their parameters.

Alternatively, this search space can also be a preset with a degree of thoroughness (light, medium, heavy).

The models available in Omnia include various shallow ML models such as linear models, support

vector machine, K-nearest neighbors; boosting models such as random forests, XGBoost, LightGBM, Cat-

Boost; and some baseline DL models for tabular data. The first main contribution of this work to the

Omnia platform was to extend its capabilities to support different types of data, rather than just tabular

data, i.e., 2-dimensional and 3-dimensional data.
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Figure 12: Representation of the main Omnia packages. Highlighted in blue are the already implemented

packages, and in yellow is the working directory package where the new NAS sub-package was imple-

mented.

The second main contribution was to improve the search for DL architectures and tuning of their

hyperparameters. With Omnia’s current functionalities, only a few DL model parameters are tunable, such

as the number of layers, the hidden layer size, and whether to use batch normalization layers. Using NNI,

it is possible to create much more complex and dynamic search spaces incorporating skip connections,

different layer type possibilities for the same layer, using subnetworks with specific connectivity patterns

and operations as building blocks that are repeated a dynamic number of times to construct the overall

neural network architecture.

Adding a new predictor, named NNIPreditor, into the Omnia platform addressed these objectives

and further enhanced its capabilities. Along with the new predictor, a more comprehensive range of DL

algorithms and architectures became available, including DNN, 1D-CNN, CNN and RNN (as well as LSTM

and GRU variants) models. This newmodule was developed in the main Omnia package since the predictor

will be used in the Pipeline object.

Figures 12 and 13 illustrate an overview of the platform, highlighting the module added and how it
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Figure 13: Illustration of the steps involved in an Omnia pipeline and the key concepts associated with

each step. Newly added steps added as a result of this work are highlighted in red.

fits into the Omnia architecture; and the typical Pipeline process, highlighting the new steps where the

NNIPreditor acts, respectively.

3.3 NNIPredictor

In this section, an initial overview introduces the implemented framework, highlighting the limitations of the

current platform and the solutions and enhancements provided by this work. This initial subsection also

describes the core concepts and components associated with the new module. The following subsection

provides a more in-depth description of each of these main components.

3.3.1 Overview

The effectiveness of deep learning models is highly dependent on the architecture of the neural network

they employ. The type and number of layers, the number of neurons in each layer, and the connections

between the layers can significantly impact the network’s performance. Thus, only using baseline DL

models with little hyperparameter search is possibly hindering the potential of deep learning in this area.

Implementing this new predictor into the Omnia architecture encompasses many improvements. Avail-

able implemented DL models have simple architectures and often yield suboptimal results. This, cou-

pled with the lacking model search spaces and the absence of models for non-tabular data, causes the

53



focus of Omnia on DL to fall short when compared to the current state and importance of this area.

NNIPredictor improves on the existing simple fully-connected models for tabular data with more elab-

orate and diverse architectures based on state-of-the-art approaches.

This predictor also extends Omnia’s current capabilities by allowing most data types, including higher

dimensional ones. In the context where it is inserted within the Omnia pipeline, NNIPredictor comes

after a data transformation step which might change the original input data shape to be appropriate for

the different architectures. Based on the transformed data dimensionality, there is a 1D-CNN and an

RNN model (which may have RNN, GRU, and LSTM layers), appropriate for two-dimensional inputs; and

a CNN model appropriate for three-dimensional inputs. A hybrid model that fits any of these data types

and combines the different layer types depending on the data dimensionality is also available. All of these

models have complex and dynamic search spaces, which increase the probability of finding an optimal

architecture for a given dataset.

Another key aspect of this predictor is its ability to handle multi-input data. It is possible to use

NNIPredictor on a dataset containing multiple input data types by using the dedicated model for this

feature. This model creates a subnetwork for each given input, and then uses the previously mentioned

models to extract features from the corresponding input data. The resulting learned embeddings are

concatenated before passing through subsequent layers for further processing and final prediction. This

method allows the model to leverage information from different data types, leading to potentially improved

performance and better utilization of the available information.

Figure 14: NAS domain model including main concepts.

Finally, one of the main advantages of this module is how straightforward it is to use. In its simplest
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form, it only requires the input data, inferring the rest automatically. The problem type (regression, binary,

multi-class) and the output size are deduced based on the target column values. The predictor uses all

the models that fit the given dataset if not specified. Although it is possible to set a considerable number

of parameters, i.e., the search strategy to use, time limit, number of epochs, batch size, all these values

have a default in order to make its use as low-code as possible, thus following the same goal as Omnia.

To further understand NNIPredictor, it is essential to understand some main NNI components.

There are three main components for a NAS task, namely, a model search space which defines all the

possible configurations for a model; a search strategy which is an algorithm dedicated to exploring the

model space; and a model evaluator that reports the performance of every model tested in that space.

Figure 14 shows the main system elements and their relation. A NAS Experiment is a process that

trains and evaluates multiple models until a Time limit is reached. A NAS Experiment may also

end if a maximum number of configurations is tested or the model search space is exhausted. The exper-

iment is defined by a Model Space, a Search strategy and an Evaluator. A Model Space is

made up of many Architectures which the Search Strategy explores. The Search Strategy

samples Architectures from the Model Space in an attempt to optimize a Metric (i.e., achieve

a better performance than the last sampled architecture). These sampled Architectures are trained

and validated by the Evaluator, which, based on some Data, calculates Metrics to evaluate the

performance of the trained Architecture.

Figure 15 shows a class diagram for NNIPredictor, including the most relevant classes and their

interactions. Within the NNIPredictor package, there is a Model Space Hub package which in-

cludes all the created model spaces. The Evaluator class is used to set up and generate the cor-

rect evaluator based on the problem type and other training parameters. This class has a subclass,

LightningModule, which inherits the PyTorch-Lightning class by the same name. Its purpose is to

define the training logic. The NasExperiment class inherits the NNI class by the same name and adds

an abstraction layer to the process of starting an experiment and exporting results. This class requires

objects of two other NNI classes to start an experiment, the Strategy class, which includes all the

search algorithms, and the ModelSpace class, which all the developed models inherit. The main class,

NNIPredictor, creates as many Nas Experiment as model spaces inferred or specified and then

selects the best model architecture out of all experiments.

55



Figure 15: NNIPredictor Class diagram.

3.3.2 Implementation

Model Spaces

A model space can be seen as a base model and possible mutations on the base model. It is defined

to express a set of architectures that contains potentially good-performing models. Different architectural

choices can be made within this space, such as selecting between a Max Pooling or an Average Pooling

layer for a specific layer in the model. Each choice introduces variation in the model’s structure, resulting

in different outcomes depending on the characteristics of the data being processed. By exploring these

sets of options within the model space, the chances of finding models that are best suited for a particular

task or dataset are significantly increased.

Some of the model spaces implemented are adapted from state-of-the-art models, while others follow

a readability approach, prioritizing simplicity. An essential aspect of these models is their applicability to

regression, binary, and multi-class classification tasks. Typically, models for different tasks use different

activation functions on the last layer. In regression, the activation function is omitted on the last layer (i.e.,

uses linear activation) since these tasks aim to predict a continuous value where a constrained output like

that of tanh and ReLU are not appropriate. For binary classification tasks, it is common to use a sigmoid

activation on the last layer. This is because the output of the sigmoid function represents the probability of
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belonging to the positive class, which makes it easy to classify the data by setting a threshold value (e.g.,

if the output is below 0.5, it belongs to one class, otherwise it belongs to the other class). The softmax

activation function is typically applied on the last layer of multi-class classification tasks. This activation

function returns a probability distribution over multiple classes, which add up to 1. These probabilities can

be seen as the likelihood of a sample belonging to each respective category.

Initially, these models received the problem type as a parameter and used it to set the last activation

function. However, in order to improve readability and easier interpretation, every model omits the last

layer activation function. Instead, loss functions that incorporate the activation function as a part of their

algorithm are used during training and the activation functions are applied externally to the model’s output

when making predictions.

As for the hidden layer activation, currently, the most successful and widely-used activation function

is ReLU. Using NNI, this hidden layer activation function could be one of the choices within the model

search space. NNI also provides an AutoActivation module that implements the work developed by

Prajit R. et al [152]. This module suggests using automatic search techniques to discover new activation

functions. Regardless of these possibilities, it was determined that the potential benefits of incorporating

these strategies would not sufficiently compensate for the significant increase in the search space size.

Given the magnitude of possible architectures for each model, further growth would only prolong the

process of reaching an optimal configuration.

Despite numerous attempts to replace ReLU with hand-designed alternatives, none have proven to be

consistently better. The implemented models in NNIPredictor use the Swish (implemented as Sigmoid

Linear Unit (SiLU) in Pytorch) activation function. This activation function is similar to ReLU and was found

to slightly improve results on deeper models across a number of challenging datasets [152].

DNN The recent interest in DL has shown great success in handling unstructured data such as text,

image, and audio. However, DL still sometimes falls behind when it comes to predicting tabular data.

Currently, state-of-the-art models for predicting tabular data include gradient-boosting ensemble models

such as XGBoost [18], LightGBM [19] and CatBoost [153]. These models generally outperform DL models.

A recent study [154] reviewed the latest DL models for tabular data and compared their performance

against these popular boosting methods using multiple datasets. Although this study did not use any form

of hyperparameter search, which could have influenced the outcomes, the results revealed that only some

DL models were more accurate than boosting models in classification tasks, while none outperformed

boosting models in regression tasks. Furthermore, the computation time of the tested DL models was far

superior to the counterpart.
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In a different study [155], Gorishniy et al. overviewed and compared the state-of-the-art DL models and

introduced two strong baseline architectures. This study also compared the best-performing DL models

with the gradient-boosting models. The main takeaways from the DL comparison stated that one of the

introduced baseline models, a ResNet-like architecture [75], turns out to be an effective model that none

of the competitors can consistently outperform. According to the results, the ResNet model showed the

second-best average rank across all datasets tested. Regarding the DL comparison against the gradient-

boosting methods, there is still no one-size-fits-all solution, with the latter still dominating some tasks.

The model space implemented into NNIPredictor was based on the ResNet-like architecture intro-

duced in the Gorishniy et al. study [155]. There were multiple reasons for selecting this particular model.

It showed consistent and competitive results even when compared against the latest DL models. Despite

having achieved good results, its architecture is relatively simple to understand and does not involve any

complex or costly operations, thus avoiding large computation times.

Figure 16: Overview of the DNN model space, including some of the primary possible configurations. The

top image represents the overall model space architecture; subsequent images detail individual model

components.

Figure 16 visually represents this model space. The model initiates with linear, batch normalization,

and dropout layers where the hidden size and dropout probability are chosen from a list of possible values.

Following this, the model repeats a Block a dynamic amount of times. This Block comprises a combination

of normalization, linear, and dropout layers. In this case, the normalization layer can be omitted if, instead,
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an identity layer is chosen. Additionally, this block can perform an element-wise addition between the

transformed tensor and the original input tensor, known as a residual connection [75], to help the model

learn the difference between the initial input and the transformed output more efficiently. Instead, it may

simply use the transformed tensor. Note that the decisions made by each Block may not be the same.

Finally, the architecture ends with another component, the Head, composed of an optional normalization

layer and the final output layer.

CNN Recent development on convolutional networks using NAS has moved on from designing search

spaces as a list of sequential layer-wise operations, such as the early work of Zoph and Le [79] and Baker

et al. [156], to searching for the best cell structure, where each cell contains several operations. These

cells are then repeated multiple times [74, 83, 149].

A cell structure represents a building block, a sub-network, repeatedmultiple times to create a complete

network that can vary in its operations and connectivity pattern. A cell consists of multiple nodes, each

representing a combination of a set of operations (e.g., convolution, pooling). In particular, a cell takes

outputs from previous cells as input, and each node takes as input previously constructed nodes (or the cell

inputs), applies an operator to each input, and combines the output of the two operators (e.g., summing).

The output of the cell is the concatenation of some or all of the nodes in the cell.

A NASNet search space [74] defines the architecture of a convolutional network using this approach,

and uses NAS to learn the structure of two types of cells. Normal cells are convolutional cells that return a

feature map of the same size as the input. Reduction cells are convolutional cells that return a feature map

of half the input size. These cells are then stacked to build a network. In this study, each cell comprises

five nodes, and each node is defined by different discrete choices, including selecting the input for each

operation from the previous states, selecting the operation to apply, and how to combine the operation’s

output.

In a different study, NasBench-201 [149], each architecture consists of a stack of searched cells

interspersed by residual blocks that downsample the feature map’s size and double its channels. Each

cell in the search space is represented as a densely connected DAG. For every i < j, there is an edge

from i-th node to j-th node. Each edge in the DAG is associated with an operation that transforms the

hidden state from the source node to the target node and each node represents the sum of all hidden

states of the edges pointing to that node.

The model space implemented into NNIPredictor is based on NASNet and NasBench-201. Figure

17 shows the macrostructure of each candidate architecture. The model space uses NASNet’s CIFAR-10

architecture containing three Normal cell blocks connected by Reduction cells; however, it uses the cell
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Figure 17: Top: Overview of the CNN model space. Bottom-left: Normal cells keep the input dimension

while Reduction cells divide it. Bottom-right: Examples of Cells with 4 nodes. Each cell is a directed acyclic

graph (DAG), with edges representing operations chosen from a preset operation set. Adapted from [149].

structure variant proposed in NasBench-201 with each cell being a DAG and each edge being associated

with an operation, as shown in Figure 17.

All possible operations are selected from a predefined operation set containing a combination of op-

erations used in NASNet and NasBench-201. The implemented operation set includes the following oper-

ations: identity, convolution (1-by-1, 3-by-3 and 5-by-5), depthwise separable convolution (3-by-3, 5-by-5

and 7-by-7), 3-by-3 dilated convolution (with different possible values of dilation), 1-by-3 followed by 3-by-1

convolution and 2-by-2 average and max pooling. Note that the convolutions in this operation set include

activation, convolution, and batch normalization operations, which were omitted for simplicity. The final

part of this model can be a linear layer or a fully connected block, using the implemented DNN model

space.

1D-CNN While CNNs have been widely used in various image and video processing tasks, achieving

remarkable results, its use in tabular data is rare. The effectiveness of CNNs on these tasks derives from

their ability to exploit the spatial arrangement of data, capturing local patterns in input data.

Input images have two essential characteristics: local connectivity and spatial locality. The convolu-

tional kernels used by CNNs are able to leverage these properties to extract features. Local connectivity

means that all of the inputs that go into a given kernel are within a small, localized portion of the input
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image. Spatial locality means that inputs where the convolutional kernel is applied are highly correlated.

Therefore, processing these elements together allows the network to extract meaningful feature represen-

tations. By exploiting these characteristics, a convolutional kernel can learn to identify elements like edges,

shapes, gradients, and textures.

It is possible to apply a one-dimensional convolutional layer to tabular data, however, this layer acts

as described above and is designed to exploit a spacial locality correlation among features. This means

that the convolutional kernel expects that adjacent columns are spatially correlated, i.e., their relative

position has meaning. This is not true for most tabular datasets. Consequently, the benefits of using such

techniques are not reaped.

In a Kaggle challenge meant to improve drug development by developing algorithms that accurately

predict the Mechanism of Action (MoA) of a drug based on its cellular signature, a one-dimensional CNN

model obtained the 5th position by itself, without using any ensemble methods, such as the higher placed

competition [157]. This model used an interesting approach to deal with tabular data’s lack of spatial

locality. The original input features are first passed through a fully connected layer to increase their dimen-

sionality and then reshaped into multiple channels, each representing a signal of a specific size. These

signals correspond to groups of ordered features, each capturing a different ordering pattern. However,

the values observed in these signals are not direct representations of the original features but rather a

non-linear combination of them. Thus, the original features have been re-ordered in a meaningful way for

the following convolutional layer.

Figure 18: Overview of the 1D-CNN model space.

Figure 18 represents the 1D-CNN model implemented into the NNIPredictor. This model space

was designed to be compatible with both tabular and sequential data. For tabular data, the model uses

the same approach as [157] to re-order the input data’s features. For sequential data, the model starts

with a simple convolutional layer. The subsequent architecture components adapt the implemented CNN

model space to fit these data types, hence using 1D layers instead of 2D.
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RNN Although there have been some instances of NAS applied to RNNs, these tasks have predominantly

gravitated towards the highly successful Transformer architecture instead of its RNN predecessor due to

its superiority in terms of model performance [158].

The existing RNN model spaces found in research literature and other well-known RNN-based archi-

tectures, even when not directly related to NAS, tend to be complex and tailored for specific tasks, making

it difficult to adapt and integrate them with NNI. To overcome these difficulties, it was decided to develop

an RNN model from scratch rather than adapting a state-of-the-art model, allowing for easier integration

with NNI.

Figure 19: Overview of the RNN model space with some of the possible parameter configurations.

Figure 19 represents the RNN model space implemented into the NNIPredictor. The model con-

sists of an initial linear layer, followed by a variable number of RNN blocks, and a final decoding linear

layer. The RNN block contains one or two RNN layers, which can be either bidirectional or unidirectional.

When the first layer is bidirectional, the resulting hidden size is doubled; thus, to keep the hidden size

constant, the second layer is unidirectional and halves the (doubled) hidden size. There is no second

RNN layer when the first layer is unidirectional. The RNN layers can be either RNN, GRU, or LSTM layers.

Additionally, each block contains a possible residual connection.

HybridModel The final single-input model implemented is a hybrid model capable of handling any of

the supported data types. This model intuitively adjusts its architecture based on the dimensions of the

input data. It can integrate one- and two-dimensional convolutional, recurrent, and linear layers. This

approach allows the model to capture the different complex patterns present in the input data by exploiting

each layer type’s inherent characteristics and strengths.
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Figure 20: Overview of the hybrid model space.

This model space employs the previously describedmodels in its architecture except for the CNNmodel

since it outputs a one-dimensional embedding, which would not be suitable for the (possible) following

recurrent layers. Figure 20 shows a representation of the hybrid model. This model adapts itself according

to the shape it receives as a parameter. If the given shape is three-dimensional, the model starts with a

group of convolutional layers repeated a variable amount of times depending on the height and width of

the input data. The convolutional layers are followed by either a recurrent layer segment (the implemented

RNNmodel) or a singular linear layer. The final part of this model is a choice between the implemented 1D-

CNN or DNN model spaces. The resulting features are reshaped in each step according to the decisions

made.

Multi-input model Previously described models were designed to work on a single data type. However,

real-world datasets often contain multiple data types that can complement or enhance the understanding

of each other. Multimodal models are designed to handle multiple data types, such as tabular, text, image,

etc., and adequately capture the unique characteristics and patterns in each. These models are able to

combine and integrate these various data types to generate more informative models and more accurate

predictions.

Multimodal models are typically composed of three parts. At first, each input is fed into its own cor-

responding encoding subnetwork. Each input is processed by these subnetworks that extract and convert

features into a common representation for subsequent layers. The next step is to combine the learned

representations from each input into a single representation. A common approach is to concatenate the

representations. Finally, the joint representation is fed into a final fully connected prediction subnetwork.

The implemented model, represented in Figure 21, uses all previous single-input models as subnet-
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Figure 21: Overview of the multi-input model space.

works. For each input, a selection is made among the available single-input models that are compati-

ble with that specific input. For instance, if the inputs resulting from the previous Omnia pipeline data

transformation step consist of tabular data and 2D data, the model will consider the DNN, 1D-CNN and

HybridModel for the tabular data subnetwork, and the RNN, 1D-CNN, and HybridModel for the 2D data

subnetwork. The outputs of each subnetwork are concatenated and fed into a final prediction subnetwork,

which can be either a single linear layer or the DNN or 1D-CNN model spaces.

Data readers

One of this work’s main advantages is its versatility regarding data types. The data readers are a few

functions dedicated to reading the train and test data. These functions read a dataset from a Pandas

DataFrame or Numpy array, split it into training and validation sets (this division is exclusive to the training

data reader), and convert the data to PyTorch tensor datasets. This process is not as straightforward

as it may seem since these functions account for both Pandas DataFrames and Numpy arrays and must

handle single or multi-input data and several problem types. For instance, considering the multi-input data

scenario, the input DataFrame has to be divided accordingly, and each of these segments must then be

transformed into tensors before being used to generate a PyTorch tensor dataset. When dealing with a

specific problem type, the label tensor might need to be converted to a particular data type (e.g., float or

long).

While the test data reader is only used to predict and score the final resulting model, the Evaluator uses

the training data reader on each model configuration to retrieve the tensor datasets (train and validation).

NNI requires serializing this and other Evaluator elements, such as the DataLoaders. Serialization allows
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for the model evaluator to be re-instantiated on another machine or process. Both the model and its

evaluator must be properly serialized.

To make NNI correctly serialize the model evaluator, nni.trace decorator should be placed on

some of its functions and objects. Whenever nni.trace is placed on a function, its arguments should

never be a large object since NNI will serialize these parameters and there is a size limit on serialization.

Therefore, the training data reader cannot have the input DataFrame or array as a parameter. Instead, it

is recommended to have all the data construction process inside the function (i.e., read a CSV inside the

function).

While this should not be a problem for many NNI users, in the context of this work, NNIPredictor is

placed within a pipeline after data transforming. This means that the data in the original dataset file given

to the Omnia Pipeline object differs from the data that reaches this point. It is also impossible to save

the training data as a global object and then use it in the training data reader because when the model

evaluator uses this function, it won’t ”remember” this object. Given all these constraints, a viable solution

was found, which involves using the joblib library to cache the data when NNIPredictor is initialized

and then reading the cached data during the training data reading process. This approach avoids all of

the above-mentioned difficulties.

Strategy

Similar to the tests conducted in appendix A, only multi-trial strategies are available in the new predictor.

These strategies involve training each sampled model from the model space independently. NASNet [74]

is an example of multi-trial NAS. Multi-trial NAS requires a model evaluator to assess the performance of

each sampled model and an exploration strategy to sample models from a defined model space. One-shot

strategies were not considered since they only support a limited set of NNI mutation primitives.

A critical characteristic of these search strategies is that they were all designed to maximize the spec-

ified metric. However, since maximizing a metric doesn’t always lead to the best results (e.g., mean

squared error), these metrics are inverted to work around this aspect.

Evaluator

This class returns an adequate model evaluator for the given dataset and parameters. A model evaluator

is used to train and validate generated models, evaluating their performance. There are several ways to

implement a model evaluator using NNI: using plain PyTorch to implement the training code and wrapping

it around the dedicated NNI class for this scenario, using the built-in evaluators integrated with the PyTorch-
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Lightning library, or building a custom evaluator using PyTorch-Lightning.

Given the number of different cases this evaluator has to handle and the convenience of PyTorch-

Lightning, the decision was made to implement the final option. PyTorch-Lightning is a PyTorch wrap-

per that provides a simplified interface to train models and significantly reduces the boilerplate code

involved with writing vanilla PyTorch training logic. PyTorch-Lightning has two main components: the

LightningModule and the Trainer. The LightningModule is in charge of all the training details,

including defining training and validation loops (receives batch data, does the forward pass, calculates

loss, and returns it) and optimizers. Once the LightningModule is defined, the Trainer is used to

fit the model. It has numerous configuration options, such as the number of epochs, GPUs to use, and

callbacks.

Defining a custom NNI evaluator with PyTorch-Lightning involves defining these two main components

and having the training module inherit an NNI class. In addition, evaluators communicate with search

strategies via two API calls, one for intermediate metrics results called after every validation epoch ends

and the other to report the final metrics result after fitting has ended. Then, all of these components

(including LightningModule, trainer, and dataloaders) need to be wrapped into an NNI Lightning

object, which is the object passed onto the NAS experiment.

The training and validation steps are slightly different depending on the problem type. If the batch

received contains more than two elements, the inputs and target must be separated differently, indicating

a multi-input problem. Following this step are the forward pass, loss calculation, and metric calculation.

These steps vary slightly depending on regression, binary, or multi-class tasks. As described previously,

the loss and metrics are reported back to NNI after each validation epoch and after training has ended.

Although the metrics reported can be a dictionary, only the metric marked as default will be used by the

search strategy to sample a new architecture.

The default metric used by the search strategy can be set as a parameter in the predictor. The avail-

able metrics are those calculated during training and validation (mean squared error, root mean squared

error, mean absolute error, coefficient of determination, Spearman correlation, and Pearson correlation

for regression tasks and accuracy, precision, recall, f1, and AUC-ROC for classification tasks). If a default

metric is not set, the loss will be used to guide the search strategy algorithm. An important step in this

process is to invert certain metrics if they are to be used by the search strategy since these algorithms are

designed to maximize it (e.g., loss or mean squared error are multiplied by -1).

The choice of the loss function depends on the nature of the problem at hand. For regression tasks,

mean squared error [159] is used as the loss function. For binary tasks, binary cross-entropy with logits
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[160] is used, and for multi-class tasks, cross-entropy [161] is the chosen loss function. It is important to

note that the binary cross-entropy with logits and cross-entropy metrics incorporate a sigmoid function and

a logarithmic softmax function, respectively. These specific loss functions, which incorporate activation

functions within their algorithm, were deliberately selected due to the absence of activation functions in

the final layer of any of the model spaces implemented.

As for the implemented Trainer, it sets the maximum number of epochs, the number of and what

device to use, and callbacks. Early stopping is implemented with a patience of twenty epochs. This implies

that if there is no noticeable improvement (at least 0.0005) in the loss for twenty epochs, that model will

stop its training, thus discarding unpromising architectures. Additionally, a learning rate finder is set to

optimize initial learning for faster convergence.

The same evaluator used to train the model architectures within the model space can also be used to

retrain the best-performing model discovered on the entire training data. In this scenario, the training and

validation datasets are combined and placed into the train dataloader, while the validation dataloader is

left empty.

NAS Experiment

A NAS Experiment is a class built to find the optimal model architecture for a singular model space. This

class inherits NNI’s class by the same name and acts as a further abstraction layer. Its main functionality

is setting up and starting an experiment, which, as mentioned before, requires a model space, a search

strategy, and a model evaluator. A NAS experiment is completed when the search space is exhausted

(i.e., every possible configuration has been tested), when a time limit is reached, or when a set number

of maximum trials is reached.

It is also possible to provide an optional configuration file to be used by the NAS experiment. This con-

figuration file might contain specific settings, such as the maximum duration for each trial or the upper limit

for the number of trials, which aren’t intrinsic NNIPredictor parameters. It may also contain settings

to execute an experiment on a remote server. If no configuration file is provided, a default configuration is

inferred from the current setting of model space, evaluator, and strategy.

Besides running an experiment, this class is also used to retrieve the experiment summary, including

details such as elapsed time, number of trials tested, individual trial results and their respective scores,

as well as the top-performing trial, including its score and associated configuration. Moreover, this class

is used to export an instance of the top-performing model. Lastly, since NNI does not store model weights

when exporting models, this class also includes a method to retrain the top model using the complete
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training dataset.

NNI Predictor

This is the primary interface developed to perform NAS. It works effectively with just the training data as a

prerequisite, but additional parameters can be specified, such as model spaces and strategy to use, target

metric for strategy optimization, maximum predictor duration, the maximum number of epochs, validation

set size, batch size, learning rate, experiment name, and the aforementioned configuration file.

Themain fitmethod starts by reading the provided data, creating the training and validation datasets,

and determining the input shape and output dimension. Subsequently, if given a model space list, these

models are validated (i.e., check if the model spaces specified are adequate for the provided data); oth-

erwise, the model space list is inferred. Following this, the next step involves selecting the appropriate

evaluator based on the nature of the problem and the specified predictor parameters. The time budget

allocated for the experiments’ duration is divided by the number of model spaces to be tested.

After this, a NAS Experiment is sequentially initiated for each of the inferred or specified model spaces.

The best-performing model from each experiment is saved. Then, these models are compared, and the

overall best model is identified and set as a class attribute. This method accepts a refit parameter, which,

if set to true, refits the best model on the entire training set.

In addition to this method, the NNIPredictor also provides methods to predict and score the target

values for a test dataset, utilizing the best model identified during the search.
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Chapter 4

Results

4.1 Introduction

This chapter aims to present and discuss the results of applying NAS to the same tasks the host group

previously tested for drug response prediction [10, 123, 122]. The host group had previously conducted

extensive experiments (Section 2.4), testing numerous configurations of DL models to achieve optimal

results. Their efforts were manual, time-consuming, and required a deep understanding of the parameters

and hyperparameters involved. In contrast, this study uses NAS to automate this process. With its ability

to search through a vast space of possible architectures, NAS has the potential to match or even surpass

the performance of the models manually crafted by the host group.

In recent years, ML has been a powerful tool in computer-aided drug design, especially in predicting

drug response in cancer, where selecting suitable input features is an important step. The first study

carried out by the host group aimed to understand which input representations are the most suitable for

predicting drug sensitivity in cancer cell lines by testing several featurization methods and DL algorithms.

Drug resistance is a significant challenge in cancer treatment, and combining multiple drugs can

help overcome resistance and improve efficacy. Some of these combinations may even be more effective

than expected, exceeding the effects of each individual compound used alone, a phenomenon called

drug synergy. The second task carried out by the host group aimed to explore the impact of different

methodological variables, such as preprocessing steps, types of input data, and DL architectures, on the

performance of DL-based drug synergy prediction models.

Past research has evaluated the impact of different types of input data, including gene expression

features, somatic mutations, CNVs, proteomics data, and other drug target-specific features, as well as

the impact of using end-to-end DL methods to learn the relevant compound features directly from the com-

pound structures instead of traditional fingerprints and descriptors. Furthermore, studies have evaluated

the impact of different preprocessing steps, such as feature selection and reduction, and with different DL
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architectures. Although various methodologies have been proposed to address the problem of predicting

drug synergy, the impact of different methodological aspects on the performance of these methods is still

unclear. The work carried out by the host group allowed the identification of 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.

This chapter will detail the results of these tasks and compare the performance of the NAS-generated

models with the manually-tuned models of the host group, highlighting the efficiency and effectiveness

of NAS in this context. The goal is not only to achieve comparable or superior performance but also to

demonstrate the potential of NAS as a tool for automating and optimizing the model selection process in

ML, thereby saving valuable time and human resources.

4.2 Single input drug sensitivity prediction

4.2.1 Datasets

The datasets used in this study are the same that were used previously in [10, 123] by the host group.

These datasets are human cancer cell line drug screenings where a single cell line was isolated. These

single-cell line datasets were used to allow a single input type, i.e., to allow for the study of the impact of

different compound representations without the need to consider cell line features.

The NCI 1 and NCI 109 represent datasets of chemical compounds screened for activity against non-

small cell lung and ovarian cancer cell lines, respectively. In each dataset, a chemical compound is labelled

as positive if it is active against the corresponding cancer, or negative otherwise. A balanced version of

these datasets was used, which has also been widely used in literature [162, 163].

Two single-cell line cytotoxicity datasets were used to develop regression models. These datasets, PC-3

and CCRF-CEM, initially retrieved from ChEMBL [132], were filtered and cleaned by the authors of a drug

sensitivity prediction study [164]. In addition to these preprocessing steps, the original IC50 output values

were transformed into −log(IC50) values.

The remaining larger dataset was derived from the NCI-60 dataset. A subset of this dataset containing

the A549/ATCC cell line was selected and curated by removing low-quality experiments, compounds lack-

ing sensitivity data, and compounds for which the corresponding SMILES strings could not be obtained

using the files provided by the Developmental Therapeutics Program (DTP). Alike the previously mentioned

datasets, the output values in this case are also measured as −log(IC50) sensitivity values.

Table 3 summarizes the datasets used in this study. This data can be retrieved from https://
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Table 3: Details on the datasets used in this study.

Dataset Compounds Output Variable Output Type

NCI 1 3466 sensitive/not sensitive binary

NCI 109 3431 sensitive/not sensitive binary

PC-3 4294 −log(IC50) continuous

CCRF-CEM 3047 −log(IC50) continuous

A549/ATCC 20730 −log(IC50) continuous

github.com/sw33zy/Development-of-a-Software-Application-for-Drug-Sensitivity-

Prediction.

4.2.2 Experimental setup

Six different types of molecular fingerprints were evaluated in this study: extended connectivity fingerprint

(ECFP) (ECFP4 and ECFP6), Molecular ACCess System (MACCS), atom pair fingerprints (AtomPair), RD-

Kit fingerprints (RDKitFP), RDKit layered fingerprints (LayeredFP). ECFP fingerprints are a popular binary

molecular representation based on the Morgan algorithm [165] that encodes a molecule’s structural fea-

tures by considering its circular neighborhood [166]. 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 typically composed of 166 bits, with each bit corresponding to

a specific substructure pattern [167]. AtomPair is a topological fingerprinting method that encodes spa-

tial relationships between pairs of atoms in a molecule [168]. RDKitFP is another topological fingerprint

that encodes all subgraphs in the molecule within a set range, hashes each subgraph, and uses these

hashes to generate a bit vector of fixed length. The LayeredFP uses the same subgraph algorithm as the

RDKitFP, but sets multiple bits in the final fingerprint based on different atom and bond type definitions.

Both RDKitFP and LayeredFP are original fingerprinting methods developed by the RDKit [169] project.

The SMILES strings contained in each dataset were transformed into each of these representations as bit

vectors of size 1024 (except for the MACCS fingerprints, which have a fixed 166-bit size) and used as input

data.

Besides fingerprint representations, a one-hot encoding method was also evaluated, which takes a

dataset of SMILES strings and converts them into a one-hot encoding of the characters in these strings. In

this case, the vocabulary is not composed of the letters in the input strings, but rather the atoms and bonds

in the molecules. Lastly, Mol2Vec [170] is an unsupervised approach to learn vector representations of
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molecular substructures by applying the Word2Vec algorithm [171]. This method treats Morgan algorithm

substructures as ”words” and compounds as ”sentences”. In this study, the molecules in each dataset

were transformed into 300-dimensional embeddings using a pre-trained Mol2vec model and used as input.

A caveat: in the work developed by the host group [10], the authors also benchmarked GNN algorithms

and representations; however, since these approaches are not yet compatible with the work developed in

this thesis, they were not tested.

Each of these representations was used as input for the NNIPredictor. The model space parameter was

left empty intentionally to showcase the framework’s ability to determine suitable models automatically.

Nonetheless, as all of these representations result in one-dimensional vectors (except for One-Hot encoded

SMILES), the framework inferred the DNN, 1DCNN, and HybridModel. In the case of One-Hot encoding,

which results in two-dimensional vectors for each compound, the HybridModel and RNN model spaces

were tested. To draw conclusions regarding the search strategies, each representation was evaluated

against all available search strategies (similar to appendix A).

Overall, 160 different experiments were conducted, considering the mentioned five datasets, trying

four different search strategies for the NAS and the eight input representations above discussed.

For a fair comparison, most of the remaining model training and evaluation settings were kept consis-

tent with those outlined in [10]. The exact same dataset splits (70% training set and 30% test set) as those

employed in the previous study were used, keeping the same instances allocated for both the training and

test sets. Similarly, all models were also trained up to 100 epochs with a batch size of 256 samples and

using the Adam [20] optimization algorithm. Binary cross-entropy with logits was used as the loss function

for classification models, while mean squared error was used for regression models. Unlike the previous

study, an early stopping mechanism is implemented, with a patience of 20 epochs (i.e., if a model does

not demonstrate significant improvement over a span of 20 epochs, its training is halted).

The resulting experiments were tested with a time limit of 12 hours each and using a single NVIDIA

GeForce RTX 2080 Ti GPU.

4.2.3 Results and Discussion

This section aims to analyze and discuss the performance obtained in the different configurations tested.

Figure 22 shows classification results with model performance measured using AUC-ROC. Figure 23 re-

ports model performance using RMSE for regression tasks.

Regarding the NCI1 dataset, ECFP6, MACCS, and AtomPair fingerprints achieved similar performance,

with a rounded AUC-ROC score of 0.83. The remaining fingerprint representations, ECFP4, RDKitFP and
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LayeredFP outperformed all other methods with a rounded AUC-ROC score of 0.85. LayeredFP was the

overall top-performing fingerprint representation among them. Interestingly, the same trio of ECFP6,

MACCS, and AtomPair fingerprints that performed lower on the NCI1 dataset, also performed compara-

tively lower results on the NCI109 dataset. The remaining fingerprinting methods showed similar perfor-

mance once more, with the LayeredFP ranking first again with a AUC-ROC score of 0.84.

On the CCRF-CEM dataset, the AtomPair fingerprint achieved the lowest RMSE (0.67), closely followed

by the ECFP6 with a RMSE of 0.68. In this case, the MACCS fingerprint resulted in a moderately worse

score when compared to the remaining fingerprinting methods (RMSE = 0.74). The ECFP fingerprints

achieved a similar RMSE (both 0.58 when rounded) on the PC-3 dataset. The MACCS fingerprint was

the worst-scoring fingerprint with a RMSE of 0.62. On the larger A549 dataset, ECFP4 was the best

fingerprint (RMSE = 0.75), followed by the ECFP6 and LayeredFP which both reached a rounded RMSE of

0.76. Similar to the previous datasets, MACCS was the worst-performing fingerprint.

Figure 22: Performance of different input representations and search strategies on the NCI 1 and NCI 109

classification tasks quantified using AUC-ROC. Higher scores mean better performance.

Overall, results were consistently worse when using Mol2Vec embeddings, ranking last place in every

task tested. These results are compatible with the ones from previous work by the host group [10, 123].

Mol2Vec is a complex model that learns embeddings in an unsupervised manner by being pre-trained

on a dataset with almost 20 million compounds [170]; however, there is a chance that the datasets used

differ significantly from the original training data, with many unseen substructures, thus resulting in limited

transferability and consequently, suboptimal results. Fine-tuning the pre-trained model on these datasets

may allow the embedding model to capture the relevant compound substructures, improving performance.

Using one-hot encoded SMILES led to the second-worst performance across all tasks. In typical

character-wise tokenization, all atoms with the same atomic number within the SMILES string are rep-

resented equally. However, despite having the same atomic number, the characteristics of each atom can

73



Figure 23: Performance of different input representations and search strategies on the PC-3, CCRF-CEM

and NCI-60 A549 regression tasks quantified using RMSE. Lower scores mean better performance.

differ significantly based on their environment. Thus, this method may be too abstract and chemically

inaccurate, resulting in less predictive performance. These results are in agreement with a recent study

that compared SMILES tokenization schemes [172].

Representing SMILES as graphs where atoms are nodes and bonds are edges and using GNNs to

learn these representations, thus preserving spatial relationships between atoms and bonds, may lead to

better performance. In fact, using graph representations and GNN algorithms revealed promising results

in some previous studies, including the previous work developed in the host group [10, 123, 173].

Table 4: Average fingerprint representations ranks.

Fingerprint Global avg rank Classification avg rank Regression avg rank

ECFP4 2.8 3 2.7

ECFP6 2.6 4.5 1.3

MACCS 6 6 6

RDKitFP 3.2 2 4

AtomPair 4 4.5 3.7

LayeredFP 2.4 1 3.3
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The results for the molecular fingerprints were relatively similar to those previously reported [10, 123].

Table 4 displays each fingerprint’s global average rank and average rank in classification or regression tasks

across all five datasets. Similar to the previous study, LayeredFP also performed consistently well, ranking

first overall, but closely followed by the popular ECFP. The results suggest that different fingerprints may be

more suitable for different tasks. LayeredFP ranked first in both classification tasks, along with RDKitFP

ranking second. These same fingerprints did not perform as well in the regression tasks, with ECFP

showing better results. The MACCS fingerprint seems to fall short compared to the remaining fingerprints,

ranking last in every task. MACCS fingerprints encode molecules in much shorter vectors (166-bit vectors)

than the other fingerprints used (1024-bit vectors). A shorter vector size means this fingerprint encodes

the structural information of a molecule in a more simplified way, which may not capture the complexity

of molecular structures as effectively as a longer one. The difference in vector size may be why MACCS

fingerprints resulted in worse overall performance. Furthermore, these findings are consistent with a recent

study [174] where the authors compared their new fingerprint representation to several others, including

MACCS. In that study, MACCS fingerprint ranked among the less effective representations.

In general, performance scores were usually similar between many models, especially fingerprints.

These fingerprint representations are all designed to capture different aspects of molecular structure, but

there may be significant overlap in the information they encode. This is consistent with the results of

previous studies [10, 123, 175].

Figure 24: Comparison of the best model found using NNIPredictor with the best model and 5 and 11

model ensembles from the host group’s previous study [10, 123]. On the left are classification tasks

measured using AUC-ROC (higher is better) and on the right are regression tasks measured using RMSE

(lower is better).

Figure 24 compares the results obtained by using NNIPredictor on the same tasks as [10, 123]. The
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results are compared with the best individual model discovered in the previous study, as well as ensembles

composed of 5 and 11 models, which were also proposed in this study. For the most part, NNIPredictor

manages to match or even surpass the performance of the 5-model ensemble for classification tasks

and the 11-model ensemble for regression tasks. The best model found by NNIPredictor is, on average,

marginally better (2.3% relative to AUC-ROC score) on classification tasks, and slightly better (6.8% relative

to RMSE score) on regression tasks, when compared to the best individual model found in [10, 123].

These results may be due to the more complex models used and the limited number of hyperparameter

combinations tested in the previous study that were explored using random search. Using NNIPredictor

made it possible to search a much wider number of hyperparameter combinations (increasing the chances

of finding an optimal configuration) without the need for human expertise to set these combinations.

By analyzing Figures 22 and 23, it does not seem like a superior search strategy exists. The tested

search strategies did not exhibit distinct advantages; instead, they consistently produced similar results

without any search strategy consistently outperforming the others. Thus, the efficiency of a search strategy

seems to depend on the problem’s characteristics, with no single algorithm being able to outperform all

others for every possible problem.

This finding is in agreement with many previous studies. A study by Real et al [101] compared RL

and evolutionary algorithms along with a random search approach in the context of NAS. Their results

suggest that RL and evolutionary algorithms have comparable prediction performance. While bothmethods

outperformed random search, the margin of improvement was relatively small. Additionally, the results of

a different study, [176], showed that random search with an early stopping mechanism performs as well

as ENAS [147], which is an RL-based leading NAS method. Furthermore, Yu et al [177] demonstrated

that the state-of-the-art NAS search algorithms are not significantly better than random search. Finally, a

recent AutoML benchmark and survey [178] where several popular search strategy algorithms were tested

revealed that, except for grid search, all algorithms perform on average very similarly, with almost 70% of

all configurations not being significantly worse than the best result (less than 1.9% mean absolute accuracy

difference).

As a result, it is not reasonable to only take into account performance measures when ranking search

strategies; other aspects like scalability or method overhead should also be considered. Tables 5 and 6

provide additional details for each search strategy. The average score column is relevant since it depicts

how well a search strategy converges toward an optimal architecture. The average number of trials is

significant since more configurations tested may increase the likelihood of discovering an optimal archi-

tecture. Grid search consistently tests more configurations, which was to be expected since the overhead
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Table 5: Additional search strategy details for classification tasks.

Search strategy
NCI NCI109

Avg AUC-ROC Avg nr trials Winner Avg AUC-ROC Avg nr trials Winner

GridSearch 0.814 2424 1 0.800 2476 3

Random 0.805 1653 2 0.792 1646 3

RegularizedEvolution 0.819 1680 3 0.803 1643 1

PolicyBasedRL 0.810 907 2 0.794 868 1

The AUC-ROC column represents the average score across every configuration tested for each input representation. The

number of trials is averaged across the trials tested for each input representation. The winner column represents the number

of times the corresponding search strategy found the best-performing model.

Table 6: Additional search strategy details for regression tasks.

Search strategy
CCRF-CEM PC-3 A549

Avg RMSE Avg nr trials Winner Avg RMSE Avg nr trials Winner Avg RMSE Avg nr trials Winner

GridSearch 1.863 1115 1 2.167 1052 0 1.108 289 3

Random 2.144 744 3 1.925 617 3 1.756 182 3

RegularizedEvolution 1.575 875 2 1.446 665 2 1.699 190 2

PolicyBasedRL 1.793 619 2 1.637 442 3 1.498 162 0

The RMSE column represents the average score across every configuration tested for each input representation. The number

of trials is averaged across the trials tested for each input representation. The winner column represents the number of times

the corresponding search strategy found the best-performing model.

of this algorithm is very small. On the other hand, the PolicyBasedRL consistently tests a smaller amount

of configurations, given this algorithm is much more complex and involves a higher computational bur-

den. Random search and RegularizedEvolution seem to be a middle ground regarding the number of trials

tested. The RegularizedEvolution algorithm consistently outperformed the remaining in terms of average

scoring metric. For these reasons, the evolutionary algorithm will be used as the search strategy for the

following chapter’s experiments.

Some final remarks regarding model configurations were investigated (details can be found here1). It

is worth noting that none of the search strategies converged to the same architecture, even when using

the same input representation and dataset (i.e., only changing search strategy). This was expected, given

the magnitude of possible configurations. Moreover, most of the 160 experiments showed the best results

when containing 1D-CNN layers, suggesting that these datasets may benefit from this type of architecture.

1 https://github.com/sw33zy/Development-of-a-Software-Application-for-Drug-Sensitivity-Prediction
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This could be because 1D-CNNs can capture sequential dependencies and structural patterns, which are

particularly relevant in molecular datasets. Furthermore, it was observed that most experiments converged

towards deeper models (averaging 9/10 layers), compared to the previous study [10, 123], which averaged

5 to 6 layers. Despite the increased depth, the models did not appear to be overfitting, suggesting that

deeper models may be better suited for drug response prediction.

4.3 Predicting drug synergy in cancer cell lines

4.3.1 Datasets

The data used in this study was preprocessed and used in [10, 122] by the host group. The authors used

the ALMANAC [4] dataset downloaded from CellMinerCBD [179] to predict drug combination effects in

the form of ComboScores. The ComboScore is the sum of differences between observed and expected

cell line growth for all dose combinations for a cell line and drug combination. This dataset was initially

filtered by averaging the ComboScore of experiments involving the same cell line and drug combination

and removing the MDA-MB-468 and MDA-N cell lines for not being present across the multiple datasets

used.

The compound identifiers present in the original dataset were used to map compounds to their re-

spective SMILES strings using the files provided by the Developmental Therapeutics Program (DTP) for the

ALMANAC dataset. For unmapped compounds using the previous method, PubChemPy [141] was used

to retrieve canonical SMILES based on drug names. The obtained SMILES strings were then preprocessed

using the ChEMBL Structure Pipeline [180]. The preprocessed SMILES were used to compute different

compound representations, detailed in section 4.3.2.

RNA-Seq gene expression data: RNA-Seq gene expression data for the cell lines in the form of

log-transformed Fragments Per Kilobase of transcript per Million mapped reads (FPKM) values was also

downloaded from CellMinerCDB [179]. This data was curated by removing genes with constant expres-

sion values across all cell lines. The resulting dataset was filtered using specific gene sets, which will

be detailed in the next section. Besides these specific gene sets, Uniform Manifold Approximation and

Projection (UMAP) [181] was tested as another dimensionality reduction method. This method has four

main parameters that can significantly impact the resulting embedding. The number of neighbors was

set to 20 when learning the manifold structure of the data, which resulted in embeddings with 50 compo-

nents. Pearson correlation was used as the distance metric, and the minimum embedding distance was
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maintained at 0.1.

Mutation data: Mutation data from whole-exome sequencing for the cell lines was derived from a

mutation annotation format (MAF) via CBioPortal [179]. Silent mutations and mutations in noncoding

regions were excluded. The data was then binarized and summarized at the gene level, indicating gene

alterations with ’1’ and no mutations with ’0’. This data was further filtered using drug-gene interactions

from The Drug-gene Interaction Database (DGIdb) to create a gene-level mutation dataset with 636 genes.

A new binary event matrix was created to generate a pathway-level dataset, where ’1’ indicates at least

one alteration in a given pathway in a cell line. Genes were mapped to pathways using gene sets from the

Molecular Signatures Database (MSigDB) [182, 183] derived from the Reactome [184] database, which

have been filtered to reduce the redundancy between gene sets, resulting in 1510 features.

CNV data: A dataset containing Genomic Identification of Significant Targets in Cancer (GISTIC) putative

CNVs for the cell lines was downloaded from CBioPortal [179]. This dataset was filtered to keep the 952

genes in the drug-gene interactions list obtained from DGIdb.

The omics datasets were merged with the drug response dataset individually, aligning cell line data with

each experiment. The dataset examples were split between training, validation, and test sets using a leave-

drug-combinations-out approach, ensuring that drug combinations appearing in one set were excluded from

the others. After splitting the expression dataset, features were scaled to a range between zero and one

(min-max scaling). Scripts to generate the data and splits for this study case were provided by the authors

and are available at https://github.com/BioSystemsUM/drug_response_pipeline/blob/

master/almanac/README.md

4.3.2 Experimental setup

This study tested several combinations of input data types, feature engineering methods, and input repre-

sentations to predict drug combination effects summarized as ComboScores, using the ALMANAC dataset

[4]. These tests can be categorized into two distinct types:

1. expr + drugA + drugB - combining RNAseq gene expression data (expr) along with drug features for

both drugs (drugA, drugB);

2. expr + mut + cnv + drugA + drugB - combining RNAseq gene expression data (expr), mutation data

(mut), copy number variation features (cnv) and drug features (drugA, drugB).
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Type 1 input combinations were tested first to evaluate the impact of the gene expression data. Several

feature selection methods were tested using more comprehensive or more selective lists of genes. A com-

pact representation using a dimensionality reduction method was also evaluated. The following methods

were evaluated in this study:

• exprprotein coding: list of strictly protein-coding genes derived from filtering the original dataset, resulting

in a total of 18779 genes;

• exprlandmark: the original dataset was filtered to keep the 978 ”landmark” genes defined by the

L1000 project [185], a high-throughput gene expression assay. These genes are considered to be

representative of all RNA transcripts;

• exprDGI: The Drug-gene Interaction Database (DGIdb) was used to obtain a set of 994 genes that

interact with the drugs screened in the ALMANAC project. Among these, 976 genes were present

in the gene expression dataset;

• exprCOSMIC: a filtered dataset version containing 713 of the 723 cancer-related genes obtained from

the COSMIC [128] Cancer Gene Census;

• exprNCG: an alternative cancer-specific gene list comprising 2372 genes was obtained from the

Network of Cancer Genes (NCG) [186]. After filtering, the expression dataset includes 2362 genes

identified in the COSMIC Cancer Gene Census and other genes implicated in cancer;

• Combined gene lists: exprDGI + landmark with 1815 genes/features and exprDGI + NCG containing 3037

genes/features;

• exprUMAP: Uniform Manifold Approximation and Projection (UMAP) [181] was used to identify critical

structures in the high-dimensional gene expression data and preserve them in a lower-dimensional

embedding (50 components).

Subsequently, the gene expression data was kept constant and the drug data was modified to evaluate

the influence of different drug representations:

• drugsECFP4: 1024-bit ECFP fingerprints [166] with a radius of 2;

• drugsLayeredFP: 1024-bit layered fingerprints developed by the RDKit [169] project;

80



• drugsMTE: 512-dimensional Molecular Transformer Embeddings (MTEs) [187] that contain abstract

features describing general molecular structure as a result of training a transformer neural network

to translate between two distinct text-based molecular representations.

Finally, type 2 input combinations were explored to determine whether adding more cell line data,

such as mutation and CNVs, would improve predictive performance. Two combinations were tested:

one containing mutation data summarized at the gene level and CNVs, with both datasets filtered to

exclusively include drug-gene interaction (DGI) genes (exprDGI + mutDGI, gene-level + cnvDGI + drugsECFP4), and

another containing mutations summarized at the pathway level and CNVs (exprDGI + mutpathway-level + cnvDGI

+ drugsECFP4). In total, 12 different combinations were tested, which are summarized in Table 7.

Table 7: Different types of methodological variables tested in this study.

Different gene expression
subnetworks

Different drug encoding
schemes

Extra omics data

•exprprotein coding + drugsECFP4 •exprDGI + drugsLayeredFP •exprDGI + mutDGI, gene-level + cnvDGI +

drugsECFP4
•exprlandmark + drugsECFP4 •exprDGI + drugsMTE •exprDGI + mutpathway-level + cnvDGI +

drugsECFP4

•exprDGI + drugsECFP4

•exprCOSMIC + drugsECFP4

•exprNCG + drugsECFP4

•exprDGI + landmark + drugsECFP4

•exprDGI + NCG + drugsECFP4

•exprUMAP + drugsECFP4

Each of these combinations was used as input for the NNIPredictor using the multimodal model

space. The evolutionary algorithm was chosen as the search strategy due to the conclusions drawn from

the previous section. The experiments were tested with a time limit of 7 days each and using a single

NVIDIA GeForce RTX 2080 Ti GPU.

Most model training and evaluation settings were consistent with those outlined in [10, 122] to ensure a

fair comparison. The exact same leave-drug-combinations-out dataset splits containing 239,943 examples

(80%) for the training set, and 30,007 and 30,001 examples, respectively, for the test and validation sets

(10% each) as those employed in the previous study were used. Similarly, all models were also trained up

to 500 epochs with a batch size of 64 samples, using the Adam [20] optimization algorithm and MSE as
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the loss function. An early stopping callback with a patience of 20 epochs was also implemented to stop

the learning process once the loss stops improving.

4.3.3 Results and Discussion

This section analyzes and discusses the performance of the twelve different methodological approaches

to predict drug combination effects using the ALMANAC [4] dataset. In addition, the results obtained by

using NNIPredictor will be compared to the results obtained by the previous study [10, 122].

The best-performing log-transformed min-max scaled gene expression data were the combination of

genes with known or potential interactions with drugs screened in the ALMANAC project with genes con-

sidered to be representative of the transcriptome as a whole (exprDGI + landmark) (Figure 25). Following this

combination were the experiments using COSMIC cancer-related genes and UMAP embeddings. COSMIC

genes seem to be representative of the genes present in the cell lines from the ALMANAC dataset since

this feature selection method resulted in better performances in both this study and [10, 122]. However,

the other cancer-specific gene list (exprNCG) resulted in the worst-performing gene list. A possible reason

for this may be the increased number of features.

Figure 25: Performance scores of models with different gene expression representations using NNIPredic-

tor vs the best model found for the same case in the host group’s previous study [10, 122] (lower is better).

The drug features were kept consistent using a ECFP4 molecular representation for each drug.

In general, it appears feature selection methods that resulted in a smaller number of features produced

models with better performance scores. Notably, the smallest gene list (exprCOSMIC) and the dimensionality

reduction method (exprUMAP) ranked in the second and third positions in terms of performance, respec-

tively. Nonetheless, since exprDGI + landmark ranked first, using prior biological knowledge does seem to be
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beneficial and other gene lists and their combination might result in better performance. These findings

are in agreement with the host group’s previous study. Different gene expression representations, such

as representing cell lines as gene-interaction graphs or using methods to transform tabular omics data

into images (REpresentation of Features as Images with NEighborhood Dependencies (REFINED) [188] or

Image Generator for Tabular Data (IGTD) [189]) may also impact the performance and should be tested

in the future.

In the following experiments, only the exprDGI representation for gene expression data will be consid-

ered. Although this representation was not the top performing in this study, this decision was upheld in

order to be able to compare the results from both studies.

Contrary to the previous study results, using LayeredFP did result in better performance than ECFP4

fingerprints (Figure 26). This is consistent with the results of the previous case study where LayeredFP

achieved the lowest average rank. Furthermore, despite not having resulted in better performance, this

fingerprinting method achieved the second-best drug encoding scheme score in the previous study, with the

performance difference between ECFP4 and LayeredFPmethods not being substantial. Thus, these results

further consolidate LayeredFP as a reasonable choice for many drug response prediction datasets. Using

Molecular Transformer Embedding (MTE) resulted in worse performance, which seems to be in agreement

with the lower predictive ability of embedding methods for drug response prediction also noticed in the

last case study.

Figure 26: Performance scores of models with different drug representations using NNIPredictor vs the

best model found for the same case in the host group’s previous study [10, 122] (lower is better). The

gene expression features were kept consistent using the exprDGI representation.

Including mutation and CNV data resulted in comparable or better performance (Figure 27). The per-
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formance improved when using mutation features at the pathway level instead of gene-level features. This

may be because more genes are considered when summarizing the mutation data at the pathway level.

Using drug targets or drug-gene interactions (DGIs) as a gene selection method may limit the generalizabil-

ity of a model since new compounds in the test set may have different DGIs than the relevant ones used for

training. Thus, relevant genetic information may be lost when only DGI genes are considered. Moreover,

the mutation dataset summarized at the pathway-level is less sparse than the gene-level dataset.

Figure 27: Performance scores of models trained with mutation (mut) and copy number variation (cnv)

data in addition to gene expression (exprDGI) and drug features (drugsECFP4) using NNIPredictor vs the best

model found for the same case in the host group’s previous study [10, 122] (lower is better).

Using NNIPredictor consistently resulted in suboptimal results when compared to the top models

found in the previous study. This is due to multiple reasons. Most importantly, in the previous study, a

total of 50 configurations was evaluated for each model, whereas using NNIPredictor averaged about 30

configurations for each experiment (these details can be found here2). Since each subnetwork in the multi-

input model uses themodel spaces implemented into NNIPredictor as building blocks and each subnetwork

encompasses independent decisions, the resulting search space grows exponentially. Therefore, having

only evaluated 30 configurations out of possible millions, the search strategy might not have had sufficient

time to explore and reach a configuration that leads to better predictions. In the future, it would be

beneficial to implement a simplified multimodal model without such a complex search space or conduct

longer experiments.

Additionally, it was observed that a considerable number of experiments appeared to suffer from un-

2 https://github.com/sw33zy/Development-of-a-Software-Application-for-Drug-Sensitivity-Prediction
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derfitting. This was evident from certain models having achieved better performance on the test set than on

the training set. It seems that this issue was caused by the EarlyStopping mechanism implemented. While

beneficial in preventing overfitting and conserving computational resources, this mechanism appeared to

be terminating promising configurations prematurely. This led to the generation of underfitted models, as

the training process was halted before the model could fully converge and generalize. This issue is also

noticeable from the detailed results, where experiments that evaluated a larger amount of configurations

also showed a larger average MSE across all trials tested. Another reason that substantiates this observa-

tion was that model configurations trained for a longer time (and a larger amount of epochs) appeared to

result in better performance. A patience higher than 20 epochs should be tested in the future.
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Chapter 5

Conclusions and future work

5.1 Conclusions

The main goal of this thesis was to develop a generic framework for model selection and optimization that

can effectively handle multiple types of input data. To achieve this, the framework uses NAS to automati-

cally search and evaluate a wide range of DL models, considering different architectural configurations and

hyperparameter settings. By exploring a search space of possible architectures, it is possible to identify

which architecture(s) can effectively handle the characteristics of the given data.

NNIPredictor, the primary contribution of this work, is a highly versatile and easy-to-use module that

facilitates the typical DL workflow. The developed module adapts itself to the input data by inferring the

problem type (regression, binary classification, or multi-class classification), the output size, and (option-

ally) the compatible models, to provide an optimized DL architecture that is best suited for the input data.

However, it is also flexible enough to customize parameters such as the search strategy, time limit, number

of epochs, batch size, etc. This module includes models suitable for most data types, such as DNN and

1D-CNN models for tabular data; 1D-CNN and an RNN model which can incorporate RNN, GRU, and LSTM

layers for sequential data; and a CNN model for the remaining grid-like data. Additionally, a hybrid model is

available that adapts to the dimensionality of the input data, combining different layer types. The architec-

ture of these models might vary in depth, layer types, connections, and other model parameters depending

on the configurations chosen by a search strategy that explores the possible model configurations. For

multi-input datasets, NNIPredictor supports a multimodal approach, creating dedicated subnetworks for

each data type or subset. The model selects compatible single-input models for processing each input.

To evaluate the potential of NAS and the performance of the developed framework, the module was

validated using various multi-omics datasets to predict drug sensitivity and synergy. From these case

studies, it was possible to draw the following general conclusions:
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• It was confirmed the potential of NAS as a tool for automating and optimizing the model selection

process in ML, thereby saving valuable time and human resources. The results obtained were

comparable to the previous studies carried out by the host group.

• Search strategy algorithms perform mostly similarly; other aspects, such as method overhead and

the average score across all tested configurations, should be considered. Results suggest evolu-

tionary algorithms are a reasonable choice.

• Most molecular fingerprint representations yield comparable results. This may be because of sig-

nificant overlap in the information they encode. Other methods like one-hot encoding SMILES and

Mol2Vec embeddings seem to have lower predictive efficacy for drug response prediction tasks.

• Using prior biological knowledge to extract features and reduce the size of the high-dimensional

omics datasets does seem to positively impact the ability of DL models to learn relevant features.

This framework not only saves time but also makes DL more accessible to a broader range of pro-

fessionals, such as in the medical field. NNIPredictor eliminates the need for the time-consuming hy-

perparameter tuning step, which often requires a deep understanding of the underlying algorithms. This

automation, coupled with the ability to adapt to various data types, facilitates the benefits of DL without

the steep learning curve.

Despite the increased accessibility that NNIPredictor and NAS offer, there is still much room for im-

provement. The NAS-generated models obtained from the multi-input data synergy case study were still

subpar when compared to manually-tuned models. These results, however, are likely to be improved using

an optimized multimodal model with a simpler search space or allowing more computational time for each

experiment. In addition, it is important to note that NNIPredictor does not escape the constraints of the

No Free Lunch Theorem [190]. It is inevitable that this framework will not perform optimally across all

possible problems. Furthermore, in the context where it is inserted in the Omnia platform, this module

is placed after a feature engineering process. As the results showed, the features derived from raw data

have an influence on the model’s performance, therefore, this tool does not eliminate the need for feature

engineering and thoughtful input representation.

Another limitation of the developed work is the lack of interpretability. The ”black-box” nature of DL

makes it challenging to explain model decisions. This lack of interpretability is a critical factor, especially

in fields like healthcare, where understanding the reasons behind a model’s predictions is crucial for trust

and acceptance. Finally, this framework does not guarantee the reproducibility of results. Random seeds
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for number generation were not set because search strategy algorithms also make different decisions in

each iteration, further contributing to the non-reproducibility of outcomes.

5.2 Future work

The work developed in this thesis can be used as a starting point to achieve an even more complete

framework that yields better results. This section will explore some recommendations and suggestions for

extending and improving the work undertaken in this thesis.

One way to improve the predictive performance and robustness of the models generated is to imple-

ment ensembles. A voting ensemble that averages the predictions of the top-performing models would be

a simple solution for this limitation. More elaborate ensemble methods could be used, such as stacking

ensembles that consist of stacking the output of individual models and using another model to compute

the final prediction [191].

Implementing additional models would be a straightforward way to extend the functionalities of the

developed framework. In particular, transformers have emerged as a powerful architecture resulting in

remarkable performance in various tasks. This type of architecture has been used recently in cancer drug

response prediction with great success [192, 193]. Different datasets might be better suited for specific

architectures; therefore, implementing various new models could improve performance in certain tasks.

In the same sense, support for graph datasets along with GNN architectures would be a logical next step

for this work.

To address the limitations of this framework, methods like SHapley Additive exPlanations (SHAP) [194],

Local Interpretable Model-agnostic Explanations (LIME) [195] or Anchors [196] could be used to gain

insights into how the models arrive at their predictions. Result reproducibility could be ensured using

PyTorch’s guidelines1 to limit the number of sources of nondeterministic behavior and NNI’s latest func-

tionalities which include a seed parameter for search strategies.

Since biological or chemical datasets tend to be small, employing complex neural networks may not

always be practical, especially when conventional machine learning methods can yield competitive results.

Combining the benefits of transfer learning and NAS by training a complex neural network on a larger

dataset and then applying NAS to optimize and retrain the network’s final prediction subnetwork using a

smaller dataset could be an intriguing concept to explore in a future work.

1 https://pytorch.org/docs/stable/notes/randomness.html
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Appendix A
NNI-AutoGluon preliminary performance comparison

A series of preliminary tests were conducted to evaluate the ability of NNI and AutoGluon to optimize DL

models and compare their different search strategies. The tests were carried out using a single-cell line

cytotoxicity dataset, CCRF-CEM, from a drug sensitivity prediction study [164], and a larger dataset derived

from the NCI-60 [197] dataset isolating the A549/ATCC cell line. These datasets map SMILES strings to

their −log(IC50) and −log(GI50) values, respectively. Each test was repeated three times to ensure the

consistency and reliability of the results.

The tests were executed under standardized conditions, using a single NVIDIA GeForce RTX 2080 Ti

GPU, allowing 10 hours for training and up to a max of 100 epochs or 20 epochs without improvement

for each trial. This ensured a fair comparison of NNI and AutoGluon by conducting tests under consistent

conditions. For each dataset, some values were recorded, including the number of trials tested, the score

of the best trial on the train set, its score on the test set (using the best trial configuration), and the average

score along all trials. The metric used was average squared error.

Each search strategy available was tested for both tools except for NNI’s one-shot strategies since

these algorithms are not yet fully supporting every mutation. AutoGluon’s built-in fully-connected network

was the only model tested using this tool.

A549/ATCC Dataset All test cases for both NNI and AutoGluon reached 10 hours, meaning neither

tool exhausted its possible configurations. Table 8 shows the average values obtained across the three

iterations for the A549/ATCC dataset (refer to Appendix B for individual results). AutoGluon was found

to have more consistent values between each of the three iterations (Appendix B). AutoGluon consistently

tested fewer configurations than NNI, likely due to bagging and ensembling since these features result in

additional computational overhead. In addition, AutoGluon’s search strategies did not seem to have much

impact on performance.

Regarding NNI’s search strategies, some unexpected results were observed, making it difficult to draw

definitive conclusions. Results were inconsistent between the three iterations, i.e., despite the reinforce-
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ment learning strategy having achieved the best test set performance in two iterations, it ranked second

worst in the remaining. Grid search achieved a better average train score across all tested configurations

than any other search algorithm, which is surprising since this algorithm uses a brute-force approach.

Additionally, it was investigated if any search strategy converged to the same best configuration; however,

this was not the case, even across iterations using the same search strategy.

Table 8: A549/ATCC Dataset. Results represent the average between the three rounds of tests.

AutoML tool Search Strategy Number of trials Best train score Best test score Avg trial score

NNI

GridSearch 317 0.5958 0.6310 0.6574
Random 405 0.5870 0.6196 0.8058
RegularizedEvolution 288 0.5759 0.6346 0.6998
TPE 373 0.5876 0.6359 0.7714
PolicyBasedRL 472 0.6014 0.6224 0.9349

AutoGluon
Random 126 0.5420 0.5412 1.4220
Bayes 136 0.5437 0.5455 1.2014

The best test score represents the score achieved by the model configuration with the highest training score when evaluated
on the test set. The average trial score represents the average score across all configurations evaluated.

CCRF-CEMDataset As expected, both tools reached the time limit in every test case since the number

of possible configurations is much higher than the number of evaluated configurations. Table 9 shows the

average values obtained across the three iterations for the CCRF-CEM dataset (refer to Appendix C for

individual results). AutoGluon showed better and more consistent results between the three iterations

once more.

Regarding NNI’s search strategies, the evolutionary algorithm strategy showed the best average score;

thus, it may be possible to conclude that this algorithm succeeded in finding a local optimum. This strategy

also consistently revealed good results on the best train configuration. The reinforcement learning strategy

showed a high average score in all test cases, particularly in the second round (Table 14). This time, grid

search showed the least performing best train configuration, which aligns with expectations; however, this

algorithm still showed the second-best average trial score across all tested configurations. Once more,

none of the test cases converged to the same configuration.

In terms of performance, the comparison showed that AutoGluon had better results. This is due to bagging

and stacking ensembling methods used by AutoGluon, but also to the model space used to test NNI. The

model was not very elaborate; it was a simple model developed to understand every mutation primitive

NNI offers; there is still room for improvement in NNI’s results. Nonetheless, AutoGluon’s results for its

fully-connected model were remarkable, reaching the same performance as the published results.
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Table 9: CCRF-CEM Dataset. Results represent the average between the three rounds of tests.

AutoML tool Search Strategy Number of trials Best train score Best test score Avg trial score

NNI

GridSearch 1161 0.5130 0.6781 0.7822
Random 1176 0.4855 0.5540 0.9221
RegularizedEvolution 1061 0.4643 0.5530 0.6207
TPE 1180 0.4850 0.5474 0.9173
PolicyBasedRL 1227 0.4909 0.5937 1.7287

AutoGluon
Random 299 0.4680 0.4427 1.0648
Bayes 299 0.4758 0.4394 0.9176

The best test score represents the score achieved by the model configuration with the highest training score when evaluated
on the test set. The average trial score represents the average score across all configurations evaluated.

The evaluation of NNI’s search strategies presented some challenges, as unexpected results were

observed that made it difficult to draw definitive conclusions. Therefore, further testing is required to fully

understand and compare these algorithms. Despite these results, NNI’s search strategies consistently

showed a better average trial score than AutoGluon, which means these algorithms spent less time on

under-promising configurations than their counterpart.
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Appendix B
A549/ATCC NNI-AutoGluon comparison study

Table 10: A549/ATCC Dataset - Round 1. Scores represent the average squared error.

AutoML tool Search Strategy Number of trials Best train score Best test score Avg trial score

NNI

GridSearch 333 0.5879 0.6244 0.6173
Random 427 0.5820 0.6209 0.8052
RegularizedEvolution 281 0.5738 0.6237 0.6835
TPE 372 0.5859 0.6608 0.7673
PolicyBasedRL 512 0.6008 0.6507 0.8463

AutoGluon
Random 140 0.5405 0.5416 1.5273
Bayes 150 0.5469 0.5518 1.4069

The best test score represents the score achieved by the model configuration with the highest training score when evaluated
on the test set. The average trial score represents the average score across all configurations evaluated.

Table 11: A549/ATCC Dataset - Round 2. Scores represent the average squared error.

AutoML tool Search Strategy Number of trials Best train score Best test score Avg trial score

NNI

GridSearch 355 0.6027 0.6308 0.7064
Random 405 0.5908 0.6234 0.8062
RegularizedEvolution 291 0.5765 0.6384 0.6976
TPE 393 0.5893 0.6273 0.7792
PolicyBasedRL 420 0.6027 0.6073 0.8263

AutoGluon
Random 119 0.5404 0.5438 1.3562
Bayes 149 0.5461 0.5444 1.1598

The best test score represents the score achieved by the model configuration with the highest training score when evaluated
on the test set. The average trial score represents the average score across all configurations evaluated.

Table 12: A549/ATCC Dataset - Round 3. Scores represent the average squared error.

AutoML tool Search Strategy Number of trials Best train score Best test score Avg trial score

NNI

GridSearch 265 0.5970 0.6379 0.6484
Random 383 0.5882 0.6146 0.8059
RegularizedEvolution 291 0.5775 0.6418 0.7184
TPE 354 0.5855 0.6195 0.7677
PolicyBasedRL 484 0.6008 0.6093 1.1322

AutoGluon
Random 121 0.5450 0.5382 1.3830
Bayes 110 0.5381 0.5404 1.0375

The best test score represents the score achieved by the model configuration with the highest training score when evaluated
on the test set. The average trial score represents the average score across all configurations evaluated.
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Appendix C
CCRF-CEM NNI-AutoGluon comparison study

Table 13: CCRF-CEM Dataset - Round 1. Scores represent the average squared error.

AutoML tool Search Strategy Number of trials Best train score Best test score Avg trial score

NNI

GridSearch 1072 0.5036 0.8320 0.6274
Random 1210 0.4916 0.6076 0.9143
RegularizedEvolution 1139 0.4798 0.5369 0.6392
TPE 1215 0.4873 0.4921 0.9256
PolicyBasedRL 1184 0.5007 0.6333 1.1525

AutoGluon
Random 298 0.4731 0.4339 1.0569
Bayes 306 0.4774 0.4348 1.0135

The best test score represents the score achieved by the model configuration with the highest training score when evaluated
on the test set. The average trial score represents the average score across all configurations evaluated.

Table 14: CCRF-CEM Dataset - Round 2. Scores represent the average squared error.

AutoML tool Search Strategy Number of trials Best train score Best test score Avg trial score

NNI

GridSearch 1170 0.4865 0.5450 0.9718
Random 1159 0.4811 0.5395 0.9030
RegularizedEvolution 1069 0.4570 0.5914 0.6293
TPE 1166 0.4858 0.5488 0.9086
PolicyBasedRL 1346 0.5016 0.6386 3.7254

AutoGluon
Random 278 0.4684 0.4510 1.1132
Bayes 273 0.4773 0.4435 0.8793

The best test score represents the score achieved by the model configuration with the highest training score when evaluated
on the test set. The average trial score represents the average score across all configurations evaluated.

Table 15: CCRF-CEM Dataset - Round 3. Scores represent the average squared error.

AutoML tool Search Strategy Number of trials Best train score Best test score Avg trial score

NNI

GridSearch 1243 0.5487 0.6573 0.7473
Random 1161 0.4837 0.5150 0.9490
RegularizedEvolution 977 0.4560 0.5304 0.5945
TPE 1161 0.4821 0.6013 0.9177
PolicyBasedRL 1151 0.4729 0.6093 1.3083

AutoGluon
Random 322 0.4627 0.4434 1.0243
Bayes 319 0.4728 0.4400 0.8600

The best test score represents the score achieved by the model configuration with the highest training score when evaluated
on the test set. The average trial score represents the average score across all configurations evaluated.

116








	Introduction
	Context and motivation
	Main aims and objectives
	Outline

	State of the Art
	Machine Learning
	Problem Definition
	Data Collection
	Data Preparation
	Data splitting
	Model and Input Representation
	Model Training
	Model Validation
	Machine Learning Models and Algorithms
	Artificial Neural Networks
	Deep Learning
	Bias-Variance Tradeoff

	AutoML
	Input Representation and Feature Engineering
	Algorithm Selection and Hyperparameter Otimization
	Performance Improvements
	Model Evaluation
	Neural Architecture Search
	Tool Comparison

	Cancer Treatment and Drug Response
	Cancer Treatment
	Drug Resistance and Drug Combination
	Drug Response Screening

	Deep Learning for Drug Response Prediction in Cancer
	Data in drug response prediction
	Predicting Single-Drug Sensitivity
	Predicting Drug Combination Effects


	Software Development
	Software tools used in the development
	NNI and AutoGluon comparison study

	Core platform
	NNIPredictor
	Overview
	Implementation


	Results
	Introduction
	Single input drug sensitivity prediction
	Datasets
	Experimental setup
	Results and Discussion

	Predicting drug synergy in cancer cell lines
	Datasets
	Experimental setup
	Results and Discussion


	Conclusions and future work
	Conclusions
	Future work

	NNI-AutoGluon preliminary performance comparison
	A549/ATCC NNI-AutoGluon comparison study
	CCRF-CEM NNI-AutoGluon comparison study



