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Abstract

Collecting medical data is a costly task because the volume of data is often very large. This

is even more complex considering that professionals need a lot of time to give a diagnosis for

all these data. Commonly used Deep Learning techniques are not always enough to address

this problem, since the number of attributes for each sample can be too large. Therefore,

there is a need to find a way to analyze this information using as few instances as possible.

This work focuses on the use of Deep Active Learning to automatically label new sam-

ples. It uses the good classification capacity of Deep Learning models together with the

sample study provided by Active Learning. Thus, the cost of labeling is reduced while

seeking to maintain performance. Deep Active Learning splits the dataset into a labeled

and an unlabeled set. The labeled set is used to initialize the Deep Learning model, which

is used to extract features from the unlabeled pool.

To test the effectiveness of Deep Active Learning, we used a dataset with Head and

Neck cancer samples. Our results show that it is possible to work with high dimensional

data thanks to this method. Using 6 instances to classify per iteration, we were able to

obtain an accuracy of 83% to 100%.
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Chapter 1

Introduction

Artificial Intelligence (AI) is a discipline that seeks to automate tasks and make work easier

for humans. Today, its applications are increasingly integrated in both leisure (simulations

[4], streaming services [30], video games [29]...) and work (video surveillance [3], product

inspection [6], company management [31]...). It began as a consequence of research into the

automation of mathematics, initially applied to concepts that may seem more trivial, such

as in strategy games. But this kind of work laid the foundations for the standard method-

ology used today: the adequate representation of the problem and the use of mechanisms

for solving it. Over time, good results are being achieved in investigation, thanks to the

development of new hardware, the creation of ontologies that reorganize larger and larger

knowledge domains and the use of increasingly efficient algorithms.

Nowadays, AI use is widespread throughout the entirety of the tech world and bleeding-

edge technologies. The evolution of this discipline in the last decades has led to numerous

advances, being able to work with increasingly complex data such as images, audios, videos,

texts... This gives rise to new areas whose projects are integrated into our daily lives, such

as Natural Language Processing to study how human beings communicate, used for example

in translators [1]; many of these areas are also combined to accomplish other tasks, such as

autonomous vehicle driving [21].

AI is also an essential part of modern healthcare, as it is being used to support re-
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CHAPTER 1. INTRODUCTION

searchers and medical professionals in hospitals and other clinical settings. It has a lot

of advantages, speeding up the analysis and helping doctors to make better decisions. It

can be used in a lot of ways, for example, clinical decision support helps professionals with

medications, mental health advice and other kinds of recommendations depending on the

patient’s condition. Another common application for AI in medicine is computer vision,

with tools that let us evaluate medical images (X-rays [13], magnetic resonance images [33],

computed tomography scans [22]...) to find lesions and other discoveries that a specialist

might miss.

A very important utilization of AI in this medical context is the study of cancer. It can

help in its discovery, the diagnosis and in the therapy required. There are many different

types of cancer, but in this work we will focus on Head and Neck cancer (see Figure 1.1

for details of the body area), which ranks sixth in incidence in Spain with more than 12000

cases diagnosed per year [5]. This kind of cancer can start in several places in the head or

throat (not including the eyes and the brain):

• The larynx.

• The pharynx.

• The lips.

• Inside the nose, behind the nose and in the sinuses.

• In the oral cavity.

• In the salivary glands.

6



Figure 1.1: Main body parts affected by Head and neck cancer. Source: https://www.

cancer.net/

This work aims at automatically labeling new instances. In this case, the samples used

are from Head and Neck cancer cases, to demonstrate that it is applicable to real medical

data. To achieve this, we will use Deep Active Learning, an approach that involves

selecting unlabeled data items to best improve an existing classifier. Deep Active Learning

is an ongoing active research sub-domain within Deep Learning space that is developed to

help models make more accurate decisions.

7
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Chapter 2

Problem definition

In this chapter we will explain the problem we want to solve, dividing it in two sections. The

real problem is the establishment of what we want to achieve, while the technical problem

are all of those solutions proposed to solve the real problem. The following chapter will

feature the techniques used to solve it.

2.1 Real problem

The use of AI can be applied to a lot of areas in medicine, but the objective here is to classify

patients with head and neck cancer. We would like to have a way to provide input data to a

software, knowing that these data contains information about a patient, and get an output

that tells us if the person has head and neck cancer or not. The idea is to automate this

labelling process needing as few samples as possible, to assist doctors with the diagnosis.

We are dealing with a classification problem, which consists on assigning a label to

an unseen instance, according to the analysis of the features of the instances and their

classification in a known dataset. There will be two possible classes, a sample can be

labeled as having head and neck cancer (positive class) or not (negative class). Machine

Learning can be supervised or unsupervised. Supervised learning is defined by the use

of labeled datasets to train algorithms into classifying data, to be able to calculate how

9



CHAPTER 2. PROBLEM DEFINITION

accurate our model is in making class predictions. In unsupervised learning, samples are

grouped according to their features, finding patterns in unclassified data. This project

uses methods for both types: for example, Random Forests are trained to calculate their

performance in classifying instances (supervised learning), while DBSCAN clusters samples

based on their similarities or differences (unsupervised learning).

2.2 Technical problem

2.2.1 Obtaining data

To make this study, we will need previous information about patients, whether they are

diagnosed with head and neck cancer or not, so that we can explore the differences between

a healthy and a diseased person. This is a very expensive task, because there are many

characteristics that we can extract from a person depending on the context. The data

is taken from the Cancer Genome Atlas Program [16], a repository containing more than

20000 cancer samples spanning 33 cancer types.

Our dataset has instances from head and neck cases, and it is divided in two classes, de-

pending on whether the sample is diagnosed with cancer (positive label) or not (negative

label). There are 564 instances in this dataset, and each one is defined by 60498 attributes

(the dimensionality is 564× 60498). Each attribute is a quantitative representation of

the expression of each gene, unless a gene is inactive, in which case its value will be

0. The dataset has 519 samples from the positive class and 45 samples from the negative

class, and this difference in proportions means that we are dealing with an imbalanced

dataset. The dataset is available here: https://github.com/enaes05/DeepAL_mod.

2.2.2 Managing data

Once we have the dataset about the patients, we encounter two problems: the number

of instances is small, and each of them is represented with a lot of attributes. This last

issue means the data has high dimensionality, and the combination with a low sample size

10
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2.2. TECHNICAL PROBLEM

is uncommon and hard to deal with. Reducing the dimensionality is one of the major

challenges of this study, as it is necessary to work with the dataset with more ease.

2.2.3 Labelling process

The human task of labeling medical data becomes difficult because the process is slow and

expensive, as several professionals are needed to make the diagnosis. This is why there is

a need for studying an automatic way to label never-before-seen samples from previously

labeled data. For this purpose we will use Deep Active Learning (see Chapter 3), a

technique used to achieve great labelling efficiency while dealing with high-dimensional

data. Deep Active Learning first extracts data features from already labeled samples, then

selects unlabeled instances and tries to classify them with the information gathered from the

first step. This strategy will be applied to the dataset by selecting random set of instances,

and checking their predicted labels to see what percentage match their actual label.

11





Chapter 3

Deep Active Learning

Deep Active Learning comes from the combination of the strong learning capability in

high-dimensional data that Deep Learning provides, and the potential of Active Learning

to reduce labelling costs. This chapter will explain in depth the need to use Deep Active

Learning and how we are going to apply it to our problem.

3.1 Deep Learning

Deep Learning [19] is a subfield of Machine Learning that uses algorithms inspired by

the structure of the human brain. These algorithms are known as Artificial Neural

Networks. To better exemplify what a Neural Network is, we can observe the behaviour

of one of its possible architectures, the perceptron. As it can be seen in Figure 3.1, the

inputs of the perceptron (the attributes of an instance) are multiplied with their weights,

then these multiplied values are added. The bias values (w0 in the previous image) is used

to shift the final value calculated with the activation function.

In the above example, the perceptron only has one layer. One approach to the definition

of Deep Learning is the use of perceptrons with many layers. There is no exact number of

layers from which we refer to Deep Learning: it is the complexity of the treatment of these

layers that differentiates it from other traditional multilayer neural networks.

13



CHAPTER 3. DEEP ACTIVE LEARNING

Figure 3.1: Basic structure of a perceptron. Source: https://towardsdatascience.com/

what-the-hell-is-perceptron-626217814f53

Using more layers and neurons may increase the accuracy of a Neural Network, but that

means that a model will need more computational resources. Due to the structure of the

networks, many input parameters can be used. This allows the use of more complicated

data, like images. Convolutional Neural Networks (see Figure 3.2) are used for this type

of input data, applying operations to the matrix representation of the image, resulting in a

multitude of filters (edge detection, blurring, darken, lighten...).

As neural networks are trained with more and more samples, the models may begin to

overfit, losing generalization capability. Regularization is used to deal with this problem.

The capacity of the model is controlled by adding a penalty function in addition to the

error function:

J̃(w,X, y) = J(w,X, y) + αΩ(w),

where w represents the weights, X the instances and y the labels. α is a hyperparam-

eter that controls the contribution of regularization, and the optimization algorithm must

minimize both functions J and Ω. The objective is to try to keep the weights close to zero.

Through the years, Deep Learning has demonstrated great results in feature extraction,

14
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3.2. ACTIVE LEARNING

allowing advances in fields such as computer vision [9] or natural language processing [23].

All of these solid learning capabilities come at the cost of a large number of manually labeled

datasets. Obtaining all of these data is not hard, but it has to be manually labeled, which

is expensive and takes too much time for professionals.

Figure 3.2: A Convolutional Neural Network. When used in images, it applies transforma-

tions to them to extract its features.

3.2 Active Learning

Active Learning [27] focuses more on the study of datasets, studying how to improve

performance by labeling as few samples as possible. It selects the most useful unlabeled

samples and hands it over to the oracle (for example, a human annotator) for labeling. This

is done to reduce the cost of labelling while still keeping the performance. The selection of

these instances is an important part of Active Learning, called query strategy, and depending

15
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on that strategy it will select different kinds of samples. In Figure 3.3 we can see how Active

Learning works. It selects unlabeled samples using a query strategy, gives them to the oracle

to perform labelling, adds these instances to the labeled set and trains the model on this

labeled set.

Figure 3.3: Framework diagram of the pool-based active learning cycle. It selects unlabeled

samples, labels them with the oracles and includes the instances in a labeled set to train

the model.

To evaluate the informativeness of unlabeled instances, there have been many proposed

ways of formulating the query strategies: uncertainty sampling [20] (the active learner

queries the instances about which it is least certain how to label), query-by-committee [28]

(maintaining models that vote on labels of query candidates, with the most informative

query considered to be the instance about which they most disagree), query strategies that

attempt to minimize generalization error directly [25]...

16



3.3. DEEP ACTIVE LEARNING

3.3 Deep Active Learning

Deep Learning has excellent performance while dealing with lots of attributes, but the

datasets need to be very large and that means that the labelling of instances is too expensive.

Active Learning is done with a small annotation cost because it selects as few samples as

possible, but it does not work well with high-dimensional data. It is an obvious approach to

combine both techniques, and this combination is known as Deep Active Learning [8].

Figure 3.4 shows an example of application of Deep Active Learning. The Deep Learning

model is initialized with the labeled training set L0, and then the model is used to extract

features from the unlabeled pool U . The samples from the unlabeled pool U are selected

using a query strategy, and then the oracle is used to label these instances, being added to

labeled set. The Deep Learning model is trained once again with the new labeled set, and

the process is repeated until certain conditions are reached.

Figure 3.4: Example of Deep Active Learning. The Deep Learning model is initialized with

the labeled training set, and it is used to extract features from the unlabeled pool. Samples

are selected from the unlabeled pool using a query strategy, then they are labeled using

an oracle and added to the labeled training set. The model is trained again with the new

labeled set.

In Deep Active Learning, Un = {X,Y } is defined as an unlabeled set with n samples,

while Lm = {X,Y } is the labeled training set with m samples. X is the sample space, and

17



CHAPTER 3. DEEP ACTIVE LEARNING

Y the label space. The main goal is to design a query strategy Q, Un Q−→ Lm, using the Deep

Learning model f. The optimization problem of Deep Active Learning can be expressed as:

argmin
Lm⊆Un,(x,y)∈Lm,(x,y)∈Un

E(x,y)[L(f(x), y)],

where L(·) ∈ R+ is the loss equation, and it is expected that the number labeled samples

is much smaller than the unlabeled (m ≪ n). This means that the goal is to require as few

labeled samples as possible. This is why the query strategy Q is so relevant here, as it is

crucial to reduce the labelling cost.

A problem that often arises in Deep Active Learning is that the labeled training samples

provided by the classic Active Learning method is insufficient for training in Deep Learning,

because the model is greedy for data. Some previous Deep Active Learning methods [36]

only trained on the labeled pool sampled by the query strategy, meaning that the training

strategies are not fully utilized, ignoring the existence of unlabeled datasets. There are

methods like CEAL (Cost-Effective Active Learning) [32], which assigns pseudo-labels to

instance with high confidence in model prediction in addition to the labeled set sampled by

the query strategy (see Figure 3.5).

Figure 3.5: CEAL framework. The unlabeled dataset is fed to the Convolutional Neural

Network, which gives two types of classification: samples with high confidence (which are

given pseudo-labels) and samples with high uncertainty (labeled through the oracle).

Although it is a recent development, Deep Active Learning is already being applied to

different fields. For example, as Deep Learning is widely used in computer vision, it is

18



3.3. DEEP ACTIVE LEARNING

expected that Deep Active Learning works as well. The previously mentioned technique

CEAL is applied in image classification and recognition, because there is the problem of

having to deal with high dimensionality while trying to keep the cost of labeling small.

This area also expands to medical image analysis, like in [10] for tissue classification in

oral cavity cancer. Other applications are object detection and semantic segmentation [26],

video processing [15], text classification [35], wearable device data analysis [12]...

19





Chapter 4

Techniques applied

In addition to Deep Active Learning, other methodologies have been used in this work to

develop the research. This chapter will be used to explain how they work and how they

apply to our project.

4.1 Random Forest

Random Forest [7] is a method used for classification and regression, composed of a mul-

titude of decision trees. A decision tree (see Figure 4.1) is an algorithm that creates a

model able to classify an input by looking at the values of its features. The decision tree is

constructed with a training set, recursively splitting our training samples using the features

from the data that work best for the specific task.

By combining different decision trees we can build a Random Forest (see Figure 4.2),

and the class with the most votes becomes our model’s prediction. This is an ensemble

method, because it combines multiple models (the decision trees, which individually are

considered weak learners) to form a strong learner that obtains better performance than a

single one. A Random Forest can be used to get the most important features of the

dataset, which are the most important attributes when classifying an instance. This can

be done with the Gini Index, which is determined by deducting the sum of squared of
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Figure 4.1: Example of a simple decision tree, classifying an animal depending on its fea-

tures.

probabilities of each class from one:

Gini Index = 1−
∑n

i=1(Pi)
2

The Gini Index is basically a measure of variance, so lower values represent less miss-

classification. Selecting only the most important features allow us to reduce the dimension-

ality of the dataset.

4.2 Variational Autoencoder

Variational Autoencoders [18] (VAE) are another tool used for dimensionality reduc-

tion. A Variational Autoencoder is composed of an encoder and a decoder. The encoder

produces the new features representation by compressing the data using a neural network,

22



4.2. VARIATIONAL AUTOENCODER

Figure 4.2: Random Forest behaviour. It trains different decision trees, and each one will

give a class prediction. The final label of the Random Forest will be class with the most

votes.

this new dimensionality is called the latent space. An encoder maps an input vector x to a

hidden representation h [2], the expression for a single hidden layer would be:

h = σ(Wxhx+ bxh)

W and b are the weight and bias of the neural network, and σ is the nonlinear transfor-

mation function. The decoder decompresses the information back to its original dimen-

sionality, the expression for a single hidden layer is:

z = σ(Whxh+ bhx)

Variational Autoencoders have a reconstruction loss when the data is decompressed.

This reconstruction loss is calculated with the Kullback-Leibler (KL) divergence. KL diver-

gence is a way of measuring how much one probability distribution differs from another.

In a VAE, we want to measure how different our normal distribution with mean µ and

variance σ2 is from the standard normal distribution. KL divergence can be expressed as:
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∑n
i=1 σ

2
i + µ2

i − log(σi)− 1

All of this process creates a bottleneck for data (see Figure 4.3) that ensures only

the main structured part of the information can go through and be reconstructed. A

recommended read to understand Variational Autoencoders is the book Generative Deep

Learning [11], which exemplifies it in an “easy-to-understand” way.

Figure 4.3: Structure of a Variational Autoencoder. The data is compressed using the

encoder, and then decompressed with the decoder. Both are neural networks used to trans-

form the data.

4.3 DBSCAN

Density-Based Spatial Clustering of Applications with Noise (DBSCAN) [17] is a technique

used to group samples. It works on the idea that if a particular point belongs to a cluster, it

should be close to a lot of other points in that cluster. It is based on two parameters: radius

and minimum points. For each object of a cluster, the neighborhood of a given radius (Eps)

has to contain at least a minimum number of objects (MinPts):
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4.3. DBSCAN

NEps = {qϵD/dist(p, q) < Eps}

In the previous expression, D represents the database of objects. The neighborhood of

an object p has a certain number of q objects at a distance lower than the radius. The object

p will be a core point if it contains at least a minimal number of points in its neighborhood

(see Figure 4.4):

NEps(p) > MinPts

DBSCAN searches for the clusters by checking the neighborhood of each object in the

dataset. If the neighborhood of an object p contains more than MinPts, a new cluster with

p as a core object is created. The points that do not belong to any cluster are outliers. By

knowing this, we can avoid misclassifying a sample from another type of cancer as a Head

and Neck kind.

Figure 4.4: Example of DBSCAN. For a certain radius R and 6 minimum points, the red

point would be a core point.
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4.4 Applying Deep Active Learning to this project

In our work, Deep Active Learning will be applied in the following way (see Figure 4.5 for

a representation of the algorithm used). The dataset is divided in two different sets:

• A labeled set, with instances that includes their classification.

• An unlabeled set, with instances without its classification.

To initialize the labeled set, a selection of random instances is made, which are half

from the positive class and the other half from the negative class. This is done because the

neural network will use the labeled pool to be trained, and the dataset is unbalanced so we

do not want more priority on the majority class when labelling instances. The unlabeled

pool is filled with the rest of instances. The neural network is trained with this labeled set,

and will not be re-trained to save processing time and to simulate an environment where

human labelling is too expensive (in a medical context).

After the pools are initiated and the neural network is already trained with good testing

accuracy, it is time to iterate the labelling process. A query is done to select samples from

the unlabeled set, and we use DBSCAN to create clusters from both the labeled set and

the selected instances from the mentioned query. This way, we check whether the selected

instances are similar or not to those that have already been categorized. Those instances

that are similar enough will have a class provided by the neural network, and will be added

to the labeled pool. If not, then it will be kept in the unlabeled set. We keep selecting

random unlabeled instances and classifying them until we run out of them, or until we reach

the maximum number of iterations.
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Figure 4.5: Our Deep Active Learning framework. At first, the labeled and unlabeled set

are initialized, with the labeled set being used to train the Deep Learning model. In each

iteration, a number of samples are selected from the unlabeled set, and they are analyzed

with DBSCAN using also the labeled pool to check for outliers. For each instance selected

from the labeled set, if the DBSCAN classifies it as noise, then the pools are not updated. If

not, the instance is labeled with the Deep Learning model, and both pools are updated. The

process ends when the number of iterations are reached, or if there are not any unlabeled

samples to select.
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Chapter 5

Objectives

5.1 Main objective

The objective of this project is to learn what Deep Active Learning is and how to apply

it. To demonstrate its use, we will study the cell gene activation of patients that may have

head and neck cancer. The main investigation focuses on the automatic labeling of instances

by using Deep Active Learning, which will be applied to a dataset of head and neck cancer

samples.

However, this dataset has both high dimensionality together with a low sample size,

which stands as a tough challenge to analyze. Before applying Deep Active Learning we

need to represent the data in a smaller way to make the work easier. To do this, we will

apply techniques such as Random Forest and Variational Autoencoders.

DeepAL [14] is used as a base program for the application of Deep Active Learning,

and the necessary changes will be added to adjust it to our requirements. The dataset used

for this comes the Cancer Genome Atlas Program [16], having 564 samples from head and

neck cancer cases, each instance being represented by 60498 attributes.
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5.2 Secondary objectives

5.2.1 Learning of complex data management

During the Master’s Degree, the student has worked with many datasets over the course,

applying different techniques to study them. However, these datasets are often prepared

and cleaned, so that they are more manageable to work with them and learn the basics

of artificial intelligence. In the real world, the gathered data may have incorrectly entered

values for its attributes, or may even have some missing values. In some cases, the class

label could be wrong too. This gets more complex in a medical context, as the information

is too large. By working on this project, the student will be able to learn to face these

obstacles that are very common in investigation.

5.2.2 Investigation of articles and other sources

Deep Active Learning is a relatively recent technique, but there are already many articles

about it that can be consulted, as can be seen in Chapter 6. It is important to know the

sources where these reports can be found, and then there is the task of understanding the

articles. This involves learning how other research may relate to our project, figuring out

the approaches that could be applied in a similar way. The authors’ justifications, whether

graphs, mathematical expressions or other explanations, should be valued.

Another essential part of this work is Python programming, of which it is necessary to

use libraries for experimentation. They are used to implement techniques needed to handle

data, but they often have many adjustable parameters. These libraries have documentation

that must be read in order to make good use of them.
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Chapter 6

Background information

Other work related to this project is presented in this chapter. The software that has been

used to help with our experiments will be presented first, and then different uses of Deep

Active Learning that served as inspiration are displayed.

6.1 Deep Active Learning in Python

The article DeepAL: Deep Active Learning in Python [14] shows a great contribution by

releasing a public library in GitHub that is able to apply Deep Active Learning in Python.

This library can be used with many datasets, has a lot of adjustable parameters and it is

easily modifiable. Because of its flexibility, this software will be used as the basis of

our project.

Originally, the strategy followed by this software trains an initial classifier based on a

labeled pool. For each round, the algorithm selects n samples from the unlabeled pool (this

number is set by the user) according to a query strategy. DeepAL has many query strategies

available, selecting instances randomly, with the least confidence, with largest entropy...

Finally, when the unlabeled examples are classified, they are moved into the labeled pool,

and the classifier is trained again based on this updated pool. The modifications made to

the software, together with its operation and other auxiliary files are explained in Chapter
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10.

6.2 Diagnosis of COVID-19 with Deep Active Learning

CT scans (Computed tomography) are used to get information about the lungs of patients,

but the large scale of annotations demands too much time and effort. The article COVID-

AL: The diagnosis of COVID-19 with deep active learning [34] explains how it overcomes

the problem of having large data by using deep active learning. COVID-AL achieves great

performance on COVID-19 diagnosis, while having only 30% of labeled data. In contrast

to our project, a distinction is made here between three classes (coronavirus pneumonia,

common pneumonia and normal controls) compared to the binary classification we are

dealing with (cancer or not cancer). The dataset is also annotated differently because they

are working with images, so other methods will be used, like convolution.

The COVID-AL framework is shown in Figure 6.1. COVID-AL selects the most infor-

mative samples with a hybrid sampling strategy, and they are later added to the labeled

pool. This hybrid strategy is more complex in comparison to our random strategy, as

it combines diversity-based and loss-prediction-based sampling strategies. Diversity-based

sampling states that a patient can have several scans associated with him, and the clas-

sification network can make different decisions in the classification (which indicates high

inconsistency), so a higher degree of inconsistency indicates that more information is con-

tained in the data sample. The loss-prediction-based sampling strategy uses a regression

network, previously trained with ground-truth labels, to compute the classification loss of

the selected samples.

6.3 Deep Active Learning for classifying cancer

Saving annotation cost is still a crucial need in medical datasets, but the objective is to

reach a good performance so that it can actually help humans efficiently. The article Deep

active learning for classifying cancer pathology reports [24] uses active learning algorithms
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Figure 6.1: COVID-AL framework. The candidate samples are sorted in ascending order

according to the predicted loss and computed diversity, respectively. Both rankings are

summed and its weights are easily adjustable to adapt to the tasks.

to analyze cancer pathology reports. Although the mentioned work is focused in Natural

Language Processing, it is still relevant to our project as it uses the same technique and

covers the cancer disease. Another similarity is the fact that their datasets are imbalanced,

as it is common in clinical text classification. Some classes are represented by less than a

few hundred pathology reports, while others are represented by tens of thousands of reports.

However, these datasets are much larger than the one we are using. One of them has 15000

instances, and a smaller version has 1000 instances, in comparison to our 564 sample size.

It also uses several sampling strategies:

• Uncertainty sampling: the lower the confidence of a given sample, the more infor-

mative it will be for the model.
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• Diversity sampling: aims to maximize the diversity of the training dataset.

• Query-by-comittee: trains multiple predictive models (the committee), and sam-

ples are ranked based on how much disagreement there exists within the committee.

Samples associated with the highest disagreement are selected and added to the train-

ing dataset.

• Density-weight method: attempts to select samples that the model is uncertain

about but that are also similar to other samples in the dataset.

Figure 6.2 shows the flowchart of the computational pipeline used during the active

learning experiments. First, a Convolutional Neural Network (CNN) is initially trained.

Then, one of the strategies mentioned before is used to select instances, and the CNN is

trained from scratch (it does not continue training the weights from the previous CNN).

These instances are removed from the set in the following iterations, and the process is

repeated until there are no more samples to select.

6.4 Survey of Deep Active Learning

Deep Active Learning has been used in a lot of investigations, but it still lacks an unified

classification framework. The article A Survey of Deep Active Learning [8] does an excellent

job at describing Deep Active Learning, explaining why the combination of Deep Learning

and Active Learning achieves good results and showing examples of other works in different

fields (text classification, image recognition, object detection...). It is a good read to fully

understand Deep Active Learning.
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Figure 6.2: Framework for active learning applied to cancer reports. It initially trains a

Convolutional Neural Network with a training set, and then a sampling strategy is used to

select samples. The CNN is trained again with these instances, and the process is repeated

until there are no more samples to select.
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Chapter 7

Experiments design

The experimentation will be organized in two parts. In the first part, a dimensionality

reduction will be performed on our dataset. In this way, the data will be more manage-

able and we will be able to proceed with the following steps. Data preprocessing will be

applied beforehand, to make the dataset feasbale for the analysis. To achieve reduction,

the techniques used are Random Forests and Variational Autoencoders (see Chapter 4 for

more information). Random Forest are used first to select important attributes, and then

a Variational Autoencoder applies its encoder to reach the latent space. Two architectures

for encoder and decoder are tested, both starting from a dimensionality of 5000: one that

reaches a latent space of 2000 (see Figure 7.1), and another one decreased until 500 (see

Figure 7.2). The results are shown in Chapter 8.

In the second part, Deep Active Learning will be applied to the new, reduced dataset.

DBSCAN checks if the unclassified instances are outliers, and if they are not, they are

labeled with a Deep Learning Model. A dataset with randomly generated values is studied

too, to check how DBSCAN behaves when comparing unlabeled samples to labeled ones.

Chapter 9 shows the procedure and the parameters used for this experiment.

37



CHAPTER 7. EXPERIMENTS DESIGN

Figure 7.1: Architecture used for the Variational Autoencoder, with a latent space of 2000.

Numbers represent layer widths, so we are therefore changing the dimension of the repre-

sentation space.

Figure 7.2: Architecture used for the Variational Autoencoder, with a latent space of 500.

Numbers represent layer widths, so we are therefore changing the dimension of the repre-

sentation space.
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Dimensionality reduction

In this first part of the experiments, we will detail how we managed to reduce the high

dimensionality of the dataset we are working with.

8.1 Preprocessing data

Real-world data is messy and when created, the datasets can contain errors, miss values,

have duplicate data... This is why it is important to preprocess data, to identify and rectify

these problems as soon as possible. For example, in our dataset there are attributes that

only contain zero values in all instances. These characteristics do not provide meaningful

information, so they were deleted. In total, 8589 attributes were removed from the dataset,

so now the dimensionality is 564× 51909.

Another problem we can find is that the attributes can have different proportions, be-

cause the features represent distinct types of information. Normalization must be applied

to overcome this. In our case, we want all attributes to have values between 0 and 1. This

is done to use a common scale, without distorting the differences in value ranges or losing

information. The normalization is done following the MinMaxScaler:

X ′ = X−Xmin
Xmax−Xmin
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8.2 Using Random Forests

Now, we proceed to use a Random Forest classifier with 100 trees, and using 70% of the

dataset for training and 30% for test. The classifier is able to achieve a 68% accuracy on

the test set. It is important to point out that although not applying normalization gives

the classifier more accuracy (at around 83%), the Variational Autoencoder is not able to

give good results without this preprocessing. Figure 8.1 shows the results of this classifier.

We can see that the non-cancer class is the one that is classified better, as the positive class

has more exceptions where the predicted label is closer to the opposite class.

Figure 8.1: Results of the first Random Forest when classifying non-cancer instances (or-

ange) and cancer instances (blue).
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With these results, we select the most important attributes of the Random Forest

classifier. Specifically, we select 5000 features, meaning that the dimensionality now

is 564 × 5000. This can be seen as a very big reduction (from 51909 attributes), but is a

risk that should be taken, as the research can not progress with a dataset with such a high

dimensionality. A second Random Forest is applied with this new dataset (5000 attributes),

and the results can be seen in Figure 8.2. This time, the accuracy of the classifier is 74%,

which demonstrates that the selection of important attributes is improving performance.

Figure 8.2: Results of the second Random Forest when classifying non-cancer instances

(orange) and cancer instances (blue).
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8.3 Using Variational Autoencoders

8.3.1 Pedagogic objective

The first application of a VAE was done with a reduction to two dimensions. This is done

as a first approach to have a more intuitive vision of the problem, using this demonstration

as a guide to observe the difficulty. The representation of this reduction can be seen in

Figure 8.3, this shows us that we are working with a very complex problem. It is very hard

to optimize a classifier with high dimensionality and unbalanced classes (significantly more

positive than negative instances). This image displays a difference between a clear zone

(where there are only positive classes) and a more confusing zone (where the positive and

negative classes are more mixed). If an instance was classified as positive in the clear zone,

then we will have to suspect a lot about that sample having cancer.

8.3.2 Performance objective

This time we are looking to a reasonable reduction to then be able to work with this new

dimensionality. The experiments are done with two kind of architectures, both types use

ReLu activation on each layer and sigmoid on the final layer of the decoder:

• One architecture goes from 5000 to 2000 dimensions on the encoder, then back to

5000 on the decoder.

• Another architecture goes from 5000 to 500 dimensions on the encoder, then back to

5000 on the decoder.

In all of the experiments, 200 iterations are done for the training of the VAE. We try

changing the function loss between Binary Cross Entropy and Binary Focal Cross Entropy.

This last one is usually useful for unbalanced datasets, but as we will see later it does not

grant us good results. The parameter alpha of this loss function controls the weights of the

majority class. The results are annotated by encoding and decoding the dataset, and then

using the Random Forest classifier to get the classes on the instances of the reconstructed
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Figure 8.3: Dataset reduced to two dimensions. Yellow dots are cancer instances, purple

dots are non-cancer

dataset. Table 8.1 shows the results of using the architecture 5000 to 2000, while Table 8.2

shows the results of the architecture 5000 to 500.

8.4 Results overview

We can see in the results shown in Table 8.1 and 8.2 that a lot of samples are classified as the

positive class. This demonstrates that we are not only dealing with a very large dataset in

terms of attributes, but the classes are unbalanced too, which makes it even harder to work

with it. That is why Active Learning will be relevant in the following experiment, because

depending on the query strategy chosen we can avoid this problem, as it is mentioned in

[8]:
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Furthermore, on tasks with a large number of unique labels with extreme class

imbalance, active learning can significantly mitigate the effects of class imbalance

and improve performance on the rare classes.

The best results are obtained when using Binary Cross Entropy as a loss

function and using the 5000 to 2000 architecture. More specifically, the experiment

in the forth row on the Table 8.1 gave us the best accuracy. Binary Focal Cross

Entropy was not helpful for this problem, even after changing its parameters, as it did not

grant us good results for any architecture. For the next part of the experimentation, using

Deep Active Learning, we will use the new dataset that arises from encoding the original

one. This means that we will be using a dataset with a 564× 2000 dimensionality.
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ENCODER DECODER LOSS LR
BATCH

SIZE
RESULTS

5000 to 2000 2000 to 5000
Binary Cross

Entropy
10−3 12

All instances

predicted as 1

5000 to 2000 2000 to 5000
Binary Cross

Entropy
10−3 128

All instances

predicted as 1

5000 to 2000 2000 to 5000
Binary Cross

Entropy
10−2 12

Does not

classify

5000 to 2000 2000 to 5000
Binary Cross

Entropy
10−4 12

Good accuracy

on positive samples,

negative samples

not so much but

still decent accuracy

5000 to 2000 2000 to 5000
Binary Cross

Entropy
10−5 12

Very inconsistent

results, sometimes

it classifies very well,

sometimes it has

really bad accuracy

5000 to 2000 2000 to 5000

Binary Focal

Cross Entropy

(gamma=2)

10−3 12
All instances

predicted as 1

5000 to 2000 2000 to 5000

Binary Focal

Cross Entropy

(gamma=5)

10−3 12
All instances

predicted as 1

Table 8.1: Experiments using 5000 to 2000 architecture
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ENCODER DECODER LOSS LR
BATCH

SIZE
RESULTS

5000 to 500 500 to 5000
Binary Cross

Entropy
10−3 12

All instances

predicted as 1

5000 to 500 500 to 5000

Binary Focal

Cross Entropy

(gamma=2)

10−3 12
All instances

predicted as 1

5000 to 500 500 to 5000

Binary Focal

Cross Entropy

(gamma=5)

10−3 12
All instances

predicted as 1

5000 to 500 500 to 5000

Binary Focal

Cross Entropy

(gamma=10)

10−3 12
All instances

predicted as 1

5000 to 500 500 to 5000
Binary Cross

Entropy
10−4 12

All instances

predicted as a value

between 0’79 and 0’9

5000 to 500 500 to 5000
Binary Cross

Entropy
10−5 12

All instances

predicted as 1

Table 8.2: Experiments using 5000 to 500 architecture
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Chapter 9

Application of Deep Active

Learning

In this second part of the experiments, we will explain how Deep Active Learning was

applied to our dataset.

9.1 Preparing the experiment

As we mentioned in the previous chapter, we will use a new reduced dataset. These data

has been obtained after applying Random Forest to the original dataset, selecting the most

important attributes, and then using the encoder of a Variational Autoencoder to reduce

it down from 60498 characteristics to 2000. This means that we are now working with a

564× 2000 dimensionality.

We will try using an “artificial” dataset too. These data will have the same dimension-

ality as the real one (564× 2000), but the values will be randomly generated. This will be

done to observe the behaviour of the algorithm.

We will be using DeepAL, a software that implements Deep Active Learning in Python.

The strategy we want to follow differs slightly from the one implemented in DeepAL, as it

is explained in Chapter 4.
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9.2 Deep Active Learning applied to real data

First, we will apply Deep Active Learning to our real dataset, the one we previously reduced.

The parameters used to run this experiment are:

• Number of instances initially labeled: 10.

• Unlabeled instances selected per iteration: 6.

• Iterations: 10.

We can see that the parameters we decided have low values: this is because the dataset

is not that big, and we are trying to select 50% of samples of each class in every iteration

while the dataset is unbalanced. When DBSCAN is applied, its parameters are:

• Epsilon: 6. This is the maximum distance between two samples for one to be consid-

ered as in the neighborhood of the other.

• Minimum points: 5. Number of samples in a neighborhood for a point to be considered

as a core point.

• Metric: L2. Metric to use when calculating distance between instances.

Epsilon has that value assigned just because it was found to be one of the better values

after many trials. The minimum number of samples is small because there are not many

instances to cluster per iteration, so the groups are not much bigger than that. L2 is the

euclidean distance, and was the metric that better adjusted to the values of our samples.

Results are shown in Table 9.1. The neural network used in this experiment has an

accuracy of 95’8% on test data.

9.3 Deep Active Learning applied to artificial data

Now, we will use the randomly generated dataset. These values will be used only for the

query that occurs in each iteration, not for the initially labeled instances. The attributes

48



9.4. RESULTS OVERVIEW

ITERATION

NUMBER OF

NOISY SAMPLES

OF DBSCAN

NEURAL

NETWORK

ACCURACY

1 0 100%

2 4 83%

3 1 100%

4 2 100%

5 3 100%

6 1 100%

7 2 83%

8 0 100%

9 0 100%

10 2 83%

Table 9.1: Results of applying Deep Active Learning with real data

values will also be between 0 and 1, to have the same scale as the original data. The

parameters will be the same as the previous experiment, even for the DBSCAN. As the

values are random, they do not have a real label class, so it does not make sense to measure

the accuracy of the neural network on the selected samples: Instead, we will use it to watch

how many instances are classified as positive and negative, even if they are not real values.

The results are shown in Table 9.2.

9.4 Results overview

We can extract a lot of information from the results shown in Table 9.1. In principle, an

interesting observation is the fact that some instances are perceived as outliers. Considering

that we are dealing with real data, it is logical to think that they should only be classified

as positive or negative classes. As mentioned in previous occasions, it should be noted that
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ITERATION

NUMBER OF

NOISY SAMPLES

OF DBSCAN

SAMPLES

CLASSIFIED AS

POSITIVE

SAMPLES

CLASSIFIED AS

NEGATIVE

1 6 3 3

2 6 6 0

3 6 4 2

4 6 5 1

5 6 3 3

6 6 4 2

7 6 3 3

8 6 5 1

9 6 4 2

10 6 4 2

Table 9.2: Results of applying Deep Active Learning with random data

datasets may have values in their attributes entered incorrectly, or some samples may be

mislabeled. It is not too far-fetched to think that there may be noisy instances, but it

should also be noted that DBSCAN parameters may lead to unexpected results. We can

also see that the neural network has great accuracy across all iterations. Selecting only 6

instances per iteration means that at most, the model fails to classify only one instance.

On the other hand, in Table 9.2 we can observe that all of the selected samples are

viewed by the DBSCAN as outliers. This is a very important result, because this means

that the Deep Active Learning algorithm is actually keeping the information from the real

instances, so all the random data we provided is classified as outliers.
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Implemented software

This chapter is used to explained the software used to develop this project. All the code is

available at https://github.com/enaes05/DeepAL_mod.

10.1 Dimensionality reduction

The reduction of the dataset is done with file VAE HeadAndNeck.ipynb. The dataset is

divided in two files, one with all the positive samples and another with the negative sam-

ples. At first, both files are loaded, then they are concatenated and divided into training

and test (see Figure 10.1). After that, normalization is applied and the first Random For-

est is trained. For the second Random Forest, the 5000 more important attributes are

selected from the original datasets. The process is the same again, concatenating them and

normalizing (see Figure 10.2) before starting the new training.

The Variational Autoencoder part comes next. A function is defined for sampling a

point z in the latent space (see Figure 10.3). This is useful for wrapping any function into

Keras layer, applying a function to a tensor that isn’t already included as one of the out-

of-the-box Keras layer types. The architecture for the model is loaded, both for encoder

and decoder (see Figure 10.4), and once the parameters are set too, the VAE is trained.

After proving that the data still has good performance after being encoded and decoded,
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CHAPTER 10. IMPLEMENTED SOFTWARE

the reduced dataset is saved (564× 2000 dimensionality).

10.2 Deep Active Learning application

As we mentioned in previous chapters, this is a modification of DeepAL. The main modifi-

cations are done in these files:

• demo.py : the main file, which allows to try experiments with different datasets and

parameters. In our modification, the model is not re-trained and DBSCAN is used

to check for noise. If a sample is seen as weird, then it is not updated in the labeled

pool.

• data.py : used for loading the datasets and to initialize the labeled pool. The Head

and neck cancer dataset is added, and when initializing the labeled set, it is intended

that half of the instances are from one class (to overcome imbalance).

• nets.py : each dataset has a distinct architecture, so a new one is added for the cancer

dataset.

• random sampling.py : when selecting instances from the unlabeled pool, it ensures

that classes are evenly divided by classes.

To try the experiment with the same parameters as the ones mentioned in Chapter 9:

$ python demo.py --dataset_name HeadAndNeck --n_init_labeled 10 --n_query 6

--n_round 10 --strategy_name RandomSampling
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Figure 10.1: Concatenation of positives and negative files, and split into training and test

sets
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Figure 10.2: Selection of 5000 attributes

Figure 10.3: Sampling method for the latent space in the Variational Autoencoder
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Figure 10.4: Definition of both encoder and decoder
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Chapter 11

Conclusions

11.1 Final conclusions

An extensive study has been carried out on a Head and Neck cancer dataset. These data

presented many obstacles, being represented by a much larger number of attributes than the

instances (564×60498 dimensionality), and having an imbalanced proportion of classes (519

for the positive class, 45 for the negative class). The dataset was reduced using a Random

Forest classifier, selecting the 5000 most important attributes. Then, using a Variational

Autoencoder the data was encoded to 2000 attributes. When this new dataset was decoded

and tested on the Random Forest classifier, the accuracy was still similar to the original,

proving that the reduction was done losing as little information as possible.

Deep Active Learning was applied to the new dataset (564×2000 dimensionality). This

technique initializes a labeled pool to train a neural network, and another set with unlabeled

samples. For a certain number of iterations, instances from the unlabeled pool are taken

and their classes are predicted. Using DBSCAN, we check if those unlabeled samples are

treated or not as noise: if not, then the predicted class is accepted and the labeled pool

is updated. The results were successful, obtaining predictions of 83% to 100% accuracy,

demonstrating that the framework was able to classify unlabeled samples that were never

seen before. When trying a dataset with randomly generated values, all of the instances
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were treated as noise, meaning that the model was able to identify fake samples that are

not from real Head and Neck cancer.

This challenge has been useful as a reminder that real-world data is not easy to handle,

requiring preprocessing and investigation of what techniques to use. There is no right

approach for all cases, it is a matter of adapting to the specific problem.

11.2 Future improvements

We have applied Deep Active Learning by taking advantage of the combination that Deep

Learning and Active Learning provide, needing few samples to achieve good learning per-

formance. Applying this to the study of cancer is a further step to help in its diagnosis and

research. The focus here was the Head and Neck cancer kind, but it would be interesting

to see it applied to other types as well. When the artificial dataset was used to observe

the behaviour of Deep Active Learning with random data, trying data from another type

of cancer would be useful to see how they are classified: if they are labeled more close to

the positive or the negative samples, or they are directly treated as noise.

If we still aim our attention to the Head and Neck dataset used, then it would be

appropriate to further investigate more parameters, error functions and architectures of the

models used. For example, trying other query strategies could result in a more efficient

model, as it has only been tested with a randomized selection method.

Even if Deep Active Learning is a recent technique, the state-of-the-art is always evolving

and bringing new discoveries. New articles and projects can be found and be extrapolated

to this work. Other medical data could be used too, and it might even have better results

if this information is represented with less attributes (lower dimensionality).
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