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ABSTRACT

Acquisition of medical dataset is a difficult and expensive process as it require

expertise of doctors, radiologists or other medical professionals. Chest X-rays are

very common medical imaging technique, hence there are large repository of such

images, but same cannot be said of other medical images. However, success of deep

learning architecture primarily depends on the availability of large labeled datasets.

Hence, semi-supervised learning that uses a small labeled dataset to develop a

model for a large unlabeled dataset can be effective particularly in medical imaging.

A drawback of common semi-supervised learning models like wrapper methods (eg.

self-training) or randomization methods is that latent encoding learnt by a deep

neural models is ignored and the label prediction is dependent on the partially

labeled dataset obtained from a supervised learning method in the input-output

space. This approach ignores the representation learning of the model, which is the

goal of any machine learning algorithm, to obtain a true data distribution of the

input data. The stochastic state of the hidden state can contribute significantly

to the prediction since the distribution of latent variable plays a major role in

approximating the data distribution. This research primarily focussed on extracting

the stochastic feature of the hidden state of the input images for classification using

limited labeled dataset. A total of 50000 chest x-ray images were used for first

creating a baseline model of basic convolutional neural net supervised classification

that obtained an overall accuracy of 80.07%. With only 5000 labeled images, the

classification accuracy reduced to 60.97%. Then, using a variational auto-encoder

based semi-supervised model considering 5000 labeled and 45000 unlabeled images,

the accuracy up to 72.9% was obtained which suggested that the use of unlabeled

images could contribute to the better generalization of a machine learning model.

The thesis also compared the generative ability of auto-encoder and variational

auto-encoder before selecting the VAE as our representation model.

Keywords: Semi-supervised classification, Representation Learning, Deep learn-

ing, Variational Auto-Encoder, Convolutional Neural Network, Latent embedding
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CHAPTER 1

INTRODUCTION

1.1 Background

Semi-supervised learning (SSL) approach uses a small amount of labeled data

with a large amount of unlabeled data during training for making predictions

on unseen data. The goal of any semi-supervised algorithm is to improve the

generalization ability of a machine learning model using the readily available

unlabeled datasets. Most of such approaches ignore the latent encoding learnt

by the neural networks and the prediction of the model is entirely dependent

on the partially labeled dataset. However, recent advancement in representation

learning has shown that the stochastic state of the hidden state of any neural

network contributes significantly to the prediction since the distribution of latent

variable plays a major role in approximating the data distribution. Such stochastic

embedding of the latent variables can improve the SSL ensemble prediction by

providing an improve data distribution based on separated latent space.

1.2 Problem Statement

Deep learning has achieved tremendous achievements in accuracy in various image

analysis tasks thanks to the availability of large repository of labeled images. Since

labeling images is a costly process, this becomes a hurdle to further research in

medical imaging disease diagnosis. Semi-supervised learning thus can provide a

promising solution by utilizing the massive unlabeled data to improve the learning.

The analytical learning theory for machine learning proposed in [1] rationalizes

that the latent or hidden space of a deep learning model contributes more to the

generalization ability. A model insensitive to the changes in latent space has greater

discriminative power. Accepting this fact, the goal of this thesis work is to devise a

SSL approach that is based on disentangled representation learning of the stochastic

1



latent space i.e. develop an semi-supervised model that comprises of a generative

model based representation learning followed by a network for semi-supervised

classification and evaluate the model for thoracic diseases classification.

1.3 Supervised and semi-supervised learning

Machine learning approaches are broadly divided into supervised and unsupervised

learning. While in former, there is the availability of labeled dataset (x,y), and

the goal is to build a classifier or regressor that can rightly predict the output for

unseen input x, in unsupervised learning, there are no annotated labels for inputs

and the task of the classifier is to find the underlying data distribution and data

structure for the specific tasks assigned. In semi-supervised learning, both the

idea of supervised and unsupervised are combined to use a small set of the labeled

datasets and an unlabeled dataset to perform improved learning. Semi-supervised

methods are very important when there is a scarcity of labeled datasets like disease

diagnosis. If there is abundant unlabelled data and certain assumptions about

the distribution of the data can be made, the unlabelled data can assist in the

construction of a better classifier. More than often, the whole labeling process of

datasets is costly and flawed hence a reliably performing semi-supervised solutions

will have a huge impact. However, we must be aware that unlabeled dataset may

not always improve the classifier or worse, degrade it. Hence, careful consideration

must be taken.

1.4 Representation Learning

A discriminative model, for example a simple neural network classifier, is able to

obtain important features from the data. Such feature extractions are used by the

model for classification. This kind of model can be represented from probabilistic

perspective as estimating the p(y|x), where y is the output class and x is the input

data point. For example, the probability of an image belonging to the class cat or a

dog. However, with generative model which is a form of representation learning, the

goal is to understand the underlying distribution of the data for underst explains
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how the data was generated, mimicking the hidden distribution that provides the

ability to sample from the distribution for generating new data. Such models

can be defined as estimating the probability p(x), where x is the data point. It

estimates the probability of observing the data point x in the distribution. A

representation model of the data hence captures the most important attribute of the

data distribution that differ from each other, hence contributing to understanding

the real distribution of data.

1.5 Challenges

There is a large inter-subject variations in medical datasets as each individuals

medical images like x-rays pertaining to the same disease can vary vastly. Hence,

training with such inter-subject variations can fail to develop a model that general-

izes well to a different set of test population affecting the overall model performance.

Hence, the generalization based on population can fail to apply to a diverse group of

people. Representation learning can aid to this issue by incorporating the variation

and learning the hidden representation of the data however, the large inter-subject

variations can still fail to improve the overall generalization ability and the model

could be biased to a certain group of training set.

1.6 Objectives

The objective of this research is to investigate various representation learning

method to understand the generative capacity of each method for latent embedding

extraction that can used for self-supervised and semi-supervised classification of

chest x-ray images. Main objectives are given below.

• To develop a semi-supervised approach for medical imaging classification

using disentangled representation of the latent space

• To compare the generalization ability of the proposed SSL model with baseline

models

3



1.7 Contribution of this Thesis

The main contribution of this thesis to the medical AI can be seen in the implemen-

tation of a generative model like variational auto-encoder in making semi-supervised

classification with limited labeled datasets. A more detailed list of the various

contributions is provided below,

• Use of deep neural network to analyse the disease diagnosis problems

• Investigation of generative model for representation learning and self-supervised

classification of chest x-ray images

• Semi-supervised learning using limited labeled chest x-ray and large size of

unlabeled x-rays

1.8 Outline of the Thesis

The remaining part of the document is organized as follows,

Chapter 2 describes the state of the art of the representation learning, and

semi-supervised learning focusing on medical disease diagnosis.

Chapter 3 describes the theoretical background of this thesis work.

Chapter 4 describes the methodology used in the research focusing on dataset,

tools and resources, preprocessing and system architecture.

Chapter 5 describes the implementation and analysis of the research.

Chapter 6 contains the summary and future scope of the thesis.

4



CHAPTER 2

LITERATURE REVIEW

2.1 Representation learning

The main objective of a machine learning task is to obtain the true data repre-

sentation for performing a task, hence the question is to understand what kind of

representation is better than the other. If a certain data representation makes the

learning task easier, we consider that data represents a good one. For example: in

a supervised classification task using a linear classifier at the last layer, the hidden

layers of the network have to contribute to forming the linear classifier. When

we train with this criterion of supervised learning, each representation in every

hidden layer has to take on features that make the classification more accurate and

linear. However, supervised learning does not speak about learned intermediate

features. Unsupervised and semi-supervised however try to explicitly impose some

conditions on the hidden features to design them in some manner to improve the

learning.

Representation learning is particularly useful when we have a large size of unlabeled

training data and relatively little labeled training data. Training a supervised

model on a small dataset can effectively result in overfitting. Semi-supervised

learning can prevent this overfitting by learning from the both labeled and unlabeled

data. We can use the unlabeled data in some manner for an appropriate data

representation and use such representation for any task. So, how can one find a

better representation of the data?

A common hypothesis accepted widely is to find the disentangled representation

that corresponds to the underlying causes of the observed dataset. According to

this hypothesis, we first find a representation for p(x) where x is the input dataset

which can be helpful in computing p(y|x). To find a separable representation

learning, we need to acquire the underlying hidden representation of what we

observe i.e. if a representation h represents the hidden attribute of the input x,
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then we first obtain the p(h) which will be helpful in predicting y from h.

Assume that y is an output case and h represents all the hidden factors. A true

representation model can then be represented as,

p(h, x) = p(x|h)p(h) (2.1)

So, a better generalization of a deep learning model can be obtained by learning a

generative model that recovers the factors h and p(x|h). Study of Berkhahn et al

[2] showed that generative model can provide extra information to the classifier for

improving the classification accuracy. Another study performed by Bengio et al [3]

supported the study of Berkhah et al. They argued that entanglement of different

data representation can hide the crucial explanatory factors of a data. Hence, a

generic and powerful representation learning methods that could disentangle such

data variations can improve the chances of success of machine learning algorithms.

Generative Adversarial Networks [4] have been widely applied to recognize highly

salient features in a feed-forward classifier and are actively used in exploring repre-

sentation methods with the main aim of finding the salient hidden feature of the

input that are crucial in predicting output. In [5], the authors demonstrated that

use of GAN in learning the hierarchy of representation from images were helpful

in improving the overall performance of unsupervised learning. Addressing the

shortcomings of generator-discriminator model of GANs, in [6] authors added an

encoder and modifying the discriminator to improve the generative capability of

the GAN model. Their generation-based models achieved the state of the art in

unsupervised representation learning on ImageNet. In [7], encoder-decoder element

of GAN was used to develop a disentangled representation of pose discrepancy

in images for accurate face recognition. Works done in [8] addresses the problem

of separating the latent variables of style and content in various language mod-

els. Zhang and team proposed a convolutional and convolutional auto-encoder

framework for learning latent representation of long text sequences. They argued

that the use of representation learning in decoding and reconstructing long text

paragraph using auto-encoder had improved the accuracy and recommended the

use of such methods in natural language processing [9].

6



However, there are few limitations of use of Generative Adversarial Network

in representation learning. Such models have high chances of non-convergence

especially when model parameters oscillate and destabilize. GAN produces sharp

images as generative models but the generator can collapse producing only limited

variation of images. Thus they do not yet represent the true data distribution.

There are also high chances of overfitting of data due to imbalance between

generator and discriminator model.

There has been an increment in application of Variational Auto-Encoder in various

data domain since they have been regarded as one of the better generative models

that is able to generate a wide variety of data, learning from the input. VAE

[10] helps to realize the posterior inference of latent variables that can be used as

representation learning in deep neural networks. Works carried out in [11] showed

the use of encoder-decoder approach of VAE and auto-encoder to extract the latent

representation of speech signal for capturing high level semantic content from the

speech. In [12], VAE was used to disentangle the latent space of text semantics and

use the attributes to generate high quality text. The use of variational auto-encoder

has been most widely explored in image and video [13] [14].

2.2 Semi-supervised learning

The common assumption of semi-supervised learning is that if two samples are close

in the input space then both of them might have same labels. This assumption

known as smoothness assumption is one of the widely used principle in developing

semi-supervised learning approach. Based on this approach, one of the most widely

used semi-supervised learning approach is self-training wrapper method, where

labels from a model are propagated and reused for re-training.

In self-training method, the discriminatory classifier is first trained with the labeled

examples. The classifier is also asked to classify the unlabeled data. The most

probable labels of untrained data are used as labeled data in next cycle and added to

the training set. The classifier is re-trained and the process repeated. This method

has been widely used in natural language processing tasks [15] [16] [17]. Rosenberg

applied this method in object detection system proving that semi-supervised

7



Figure 2.1: A block diagram of wrapper method

learning could perform as better as the supervised approaches [18]. However,

these methods are prone to error due to poor predictions. Transductive SVMs

[19] implemented Support Vector Machines(SVM) but with some modification to

ensure few unlabeled observations near the margin. The authors tried to minimize

the misclassification for unlabeled observations. But this approach seemed to

be difficult to extend to a larger set of unlabeled images. Some graph based

methods proposed by aimed to propagate the label between the similar nodes from

labeled to unlabeled by finding some minimum criteria. However, such graph based

methods were too dependent on the overall structure of the data-points and require

complicated analysis.

One of the new approaches in SSL is to introduce randomization and augmentation

in input space to improve the generalization ability of the deep learning model. The

result was that the model was less sensitive to the latent space. Recent solutions

like self-ensembling method that uses consistency-based regularization are one of

the simplest and most efficient methods for training a deep neural network with

only a small labeled training data [20]. The main idea behind self-ensembling is to

form a consensus of prediction of unknown labels using the network in training

outputs on different epochs i.e. to use an ensemble of the previous outputs of a

neural network as an unsupervised target. The method uses different regularization

and input augmentation for making an ensemble prediction. The authors of the

proposed methodology were able to obtain a new record for two standard SSL

benchmarks.
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Figure 2.2: A block diagram of self ensembling mechanism

An ensemble of multiple neural networks generally provides better and stable

performance than a single one as it has been observed in classical machine learning

with bagging [21]. In neural networks, such an ensemble is exploited using dropout

or other regularization methods. Self-training is one of the oldest type of SSL

method where new labels are predicted from partially labeled data. It was proposed

in 1995 for linguistic analysis [22]. Whitney and Sarkar developed a graph based

approach in 2012 [23] while label propagation method was proposed in 2002 by

Zhu and Ghahramani that inferred the labels of unlabeled training data comparing

the labeled data using some kind of distance metric [24].

Neural network-based approaches generally train a feed-froward classifier with

labeled data but introducing some form of penalty from unsupervised data embed-

ding [25]. Generative models have also been used extensively for semi-supervised

learning purposes. These models assume the problem of learning as a imputation

task aiming to learn the underlying data distribution. One of the oldest approach

assumes a model p(x|y) = p(y) ∗ p(x|y) taking in Gaussian approximation of the

model. Using large amount of unlabeled data, the components of the original data

distribution is identified. This algorithm was used for text classification by Nigam

et al [26] and for face recognition by Baluja [27]. Other models using generative

approaches such as Gaussian or Markov models based were not that accurate due

to need of large states to store.
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2.3 Semi-supervised learning in disease diagnosis

Recently, there has been an increment in implementation of semi-supervised

approaches to medical imaging. A method, called FocalMix, was proposed in 2020

that developed novel semi-supervised learning for 3D medical image detection

[28]. The authors proposed a generalization of the focal loss that to use soft

target training labels with skewed distributions by proposing a target prediction

strategy using anchor-level ensembles of augmented image patches by rotation

and flipping. In [7], binary classification of x-ray images was performed using an

SSL methodology using GAN approach. In [29], the authors used an unsupervised

disentangled representation for myocardial segmentation. In 2020, researchers at

RIT proposed a global latent mixing method where a neural network was trained

using a mixing of of labeled and unlabeled data, at both the input and latent

space for better regularization [30]. In [31], transfer learning, multi-task learning

and semi-supervised learning were unified into one framework to extract extra

performance for endoscopic images. A research work based on dimensionality

reduction method was proposed in 2011 that transformed high-dimensional input

of 3D medical images to a low-dimensional representation, and extended it to the

semi-supervised learning setting [32]. The proposed algorithm for semi-supervised

learning was evaluated with benchmarks and the results were comparable to the

state-of-the-art.

2.4 Research Gap

It is tempting to apply advances in semi-supervised learning to medical imaging

analysis. However, most works at the present are still concerned with disease

diagnosis tasks and objective of learning classification approaches are not explored

to the full potential. As mentioned in section 3.1, some implementations have

been performed to show the added benefit of a SSL approach in medical imaging.

But most research is focused on making an ensemble prediction with labeled

and unlabeled dataset or modifying the loss function or applying different data

augmentation for stability. Independent works in representation learning has been
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however explored widely especially in image recognition tasks. But exploring the

stochastic latent space for medical image classification is a very new research

topic in this field. In [33], a disentangled representation learning of input images

was obtained using a variational auto-encoder which was subsequently used in

another VAE based semi-supervised model. In this work, we use use a VAE based

representation learning to extract salient features of medical images from the

stochastic latent space and use such disentangled features in a semi-supervised

network.
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CHAPTER 3

THEORETICAL BACKGROUND

3.1 Convolutional Neural Network

Figure 3.1: A block diagram of a cnn

For processing images, CNNs are highly optimized and are efficient in learning and

extracting characteristics and abstractions. They help train the neural network for

the optimum minimization of error, producing highly optimized weights. CNN was

first proposed by Fukushima in 1988 for visual pattern recognition. He proposed a

hierarchical network named neocognitron consisting of many layers of neurons with

a variable connection between each layer with the ability to recognize patterns

by learning. The lower stage layers of the neocognitron network extracted input

images’ local features, while the higher stage layers gradually integrated into

identifying more specific and global features of the images. However, because of

limits in computation resources, this network did not receive enough exposure.

12



Only, in the 1990s, when LeCun et al. applied a gradient descent based algorithm

to CNN and obtained successful results for the handwritten digits recognition task,

researchers started working on this architecture.

Basically, a CNN is a network of convolution and pooling layers applied one after

another for a number of depths to extract essential features from the input data.

Convolution is the sum of element-wise product between a tensor and a kernel.

There are two important operations before convolving an input tensor and a kernel,

padding and stride. We use padding in an input image so that the kernel takes into

account the corner pixels in an image or boundaries data in other inputs. Stride is

the step we take over an input tensor in a convolutional product. The larger the

stride, the more shrinking the size of input. Let (nH, nW, nC) be the dimension

of the input image and (f, f, nK) be the kernel dimension where f is generally an

odd dimension. Let s and p represents the size of stride and padding then, then

the dimension of the output after convolution operation is

output = [(nH + 2p− f)/s+ 1, (nW + 2p− f)/s+ 1, nK] (3.1)

The filters in the convolutional layer have weights and biases to learn that are

updated during the back-propagation phase. After the convolutional product, we

apply an activation function. The choice of activation depends on the requirement

of the problem but most commonly ReLU activation function is used in the hidden

layers these days. It is computationally efficient compared to sigmoid or tanh

functions. A ReLU activation can be represented mathematically as,

f(z) = max(0, z) (3.2)

After applying convolution and activation, we down-sample the feature size with

a pooling operation. Pooling slides a filter with no learnable parameters over a

tensor and computes either the max or average of the values over the window of

the filter. This operation only affects nH and nW. The dimension of an image after

pooling with a fxf filter is given by,
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output = [(nH + 2p− f)/s+ 1, (nW + 2p− f)/s+ 1, nK] (3.3)

where, p and s are padding and stride values for the pooling operation. We apply

convolution and pooling a number of times depending on the requirement of the

feature extraction and then connect the output to a fully connected network which

is essentially a feed-forward neural network with weights and biases. These are

updated during the back propagation phase.

3.2 Gradient Descent Optimization

Gradient descent is used to optimize the neural network loss function J(θ) which is

parameterized by a neural model’s parameters θ ∈ Rd. To minimize the objective

function, the parameters are updated in the opposite direction of the gradient of

the loss function ∇θJ(θ) w.r.t. to the parameters. The learning rate η determines

the size of the steps taken to reach the minimum value. Batch gradient descent

performs the optimization by computing the gradient of the loss function with

respect to the parameters θ for the whole training dataset:

θ = θ − η · ∇θJ(θ) (3.4)

Batch gradients only calculate the gradients for the complete training dataset

for a single optimization of parameters, hence, this method performs slowly and

consumes a lot of memory.

Stochastic gradient descent (SGD) however updates the neural network parameters

for each training example x(i) and label y(i) given by the equation:

θ = θ − η · ∇θJ(θ;x(i); y(i)) (3.5)

Since SGD performs parameters update with every training example, the objective

function heavily fluctuates. Another optimization method, called Mini-batch

gradient descent, uses the both approaches by performing the parameter update

only for a batch of n training examples, providing us a stable convergence of the
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objective function:

θ = θ − η · ∇θJ(θ;x(i:i+n); y(i:i+n)) (3.6)

Still, traditional mini-batch gradient descent has several limitations. Firstly, the

selection of the best learning rate is a difficult decision. Too small learning

rate means slow convergence and too large learning rate can prohibit the best

convergence to minimum thus the loss function can either fluctuate or diverge

away. Use of learning rate scheduler can solve this problem but this needs to be

pre-defined hence they are do not take into account the changes to the objective

function occured between the epochs of training. They are unadaptive solution.

Also, in traditional mini-batch gradient descent, the same learning rate is applied

to all the parameters of the neural model. However, a sparse data with multiple

parameters can benefit more if individual learning rate is applied to each of the

parameter. If the loss function is highly non-convex, the neural network can get

trapped in sub optimal local minima with the mini-batch gradient descent.

Momentum approach can help accelerate SGD in the relevant direction by damping

the oscillations of the objective function. To achieve this, it adds a fraction γ of

the update vector of the past time step to the current update vector:

vt = γvt−1 + η∇θJ(θ)

θ = θ − vt
(3.7)

Adagrad is another optimization algorithm for gradient-based optimization that

adapts the learning rate to the parameters. It performs smaller updates for

parameters associated with frequently occurring features, and larger updates for

parameters associated with infrequent features. In the earlier method, for all

parameters of the model, same update was performed i.e. every parameter θi

used the same learning rate η. Adagrad uses a different learning rate for every

parameter θi at every time step t. Let gt denotes the gradient at time step t. Then,

the partial derivative of the loss function w.r.t. to the parameter θi at time step t

is gt,i:

gt,i = ∇θJ(θt,i) (3.8)
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Then the parameters update for every parameter thetai is:

θt+1,i = θt,i − η · gt,i (3.9)

The general learning rate is modified by Adagrad at each time step for every

parameter based on the past gradients that have been computed for:

θt+1,i = θt,i −
η√

Gt,ii + ε
· gt,i (3.10)

where, Gt ∈ Rd×d is a diagonal matrix where each diagonal element i, i is the

sum of the squares of the gradients w.r.t. θi. RMSprop resolves the radically

diminishing learning rates of Adagrad optimization.

E[g2]t = 0.9E[g2]t−1 + 0.1g2
t

θt+1 = θt −
η√

E[g2]t + ε
gt

(3.11)

Adaptive Moment Estimation (Adam) is one of the modern methods that also

computes adaptive learning rates for each parameter combining the feature of

momentum and RMSprop by storing both exponentially decaying average of past

squared gradients and exponentially decaying average of past gradients. The

decaying averages of past and past squared gradients mt and vt can be computed

respectively as follows:

mt = β1mt−1 + (1− β1)gt

vt = β2vt−1 + (1− β2)g2
t

(3.12)

where, mt and vt are the mean and variance of the gradients respectively. Then,

to update the parameters,

θt+1 = θt −
η√
v̂t + ε

m̂t (3.13)

For fast convergence and training a deep neural network, one of the adaptive

learning rate optimizer is preferred. Adam is used most commonly.
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3.3 Dropout

Dropout is a technique used as a regularization to prevent overfitting. In a dropout,

randomly selected neurons are ignored during training. Contribution to activate

in a neurons removed temporarily in the forward pass and no update in weight

is performed in the backward pass as well. Dropout is not used after training

when making a prediction. Normally, a dropout of 0.2 to 0.5 is used which means

20%-50% of neurons is cut off.

3.4 Latent Space and Generalization Gap

Analytical learning theory for machine learning [1] provides insights on the mathe-

matical bounds before any actual learning is done. This insight helps to design

better algorithms in machine learning.

Let us assume a dataset, SM = S1, S2, S3, ....., Sm is used to develop a classifier

via a learning algorithm Λ such that the obtained model is yΛ(SM). The goal is

then to minimize the expected error Eµ[LyΛ(SM )] = Ez[LyΛ(SM )(z)] with respect

to a true unknown measure µ, where LyΛ combines loss function with the model

yΛ. For example: in a supervised classification problem, yΛ(z) = L(yΛ(x), y)

considering x, y is input and its label. The expected error mentioned earlier can

be approximated by the expression (1/m) ∗
∑

i :mL(yΛ(sm)(Zi) where Zi is the

dataset.

Hence, the generalization gap can be approximated by the following expectation

expression:

∆ = Eµ[LyΛ(SM)]− ESm[LyΛ(SM)] (3.14)

The upper bound on the generalization error is provided by theorem 1 in [5]

∆g ≤ V [f ].D∗ (3.15)

where V [f ] measures the variation between the evaluation of function f in each

perturbation of variables. D known as star-discrepancy measures discrepancy
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between the latent projections of an available data set D and true data distribution.

Let us consider that zy is the latent variable related to a data distribution y and zo

is the latent variable unrelated to y. Then, according to the analytical theory [1],

the variation evaluation V [f ] will be least when the latent space representations

z are actually close to the representation of the true data distribution, which is

indeed given by the representation learning. Hence, the argument that the latent

space is able to provide a better representation of data and hence is able to reduce

the generalization error when evaluating the test dataset holds true.

3.5 Auto-Encoder

Auto-encoder consists of an encoder and a decoder. The encoder ’f’ maps the

original space X to a latent space Z while the decoder ’g’ maps the latent space

back to original input space. Hence, the characteristic of a good auto-encoder can

be represented with the following loss expression:

Ex∈p(x)[|X − g ◦ f(x)|2] ≈ 0 (3.16)

If we are given two mappings f and g with parameters θf and θg, then training

the auto-encoder means minimizing an empirical estimate of the loss expressed in

equation [4.3].

Figure 3.2: Auto-encoder block diagram

A linear auto-encoder expressed in terms of linear expression of encoder and decoder

is essentially a PCA. But, if we express encoder and decoder in temrs of neural
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networks, better results are obtained. Hence, encoder and decoder is represented

by multi-layer perceptrons.

After introducing a density model over the latent space, Z, we can sample the

mean and standard deviation of the Gaussian distribution of the latent variables.

Mapping such samples to the input space X with a decoder gives the representation

ability of the auto-encoder. Auto-encoder produces extremely unsatisfactory results

in this regard. They convert the input data into an encoding vector where each

dimension of data that represents some learned attribute outputs a single value for

each dimension. The decoder network takes such discrete single value for recreating

the original input which it does quite effectively. However, auto-encoders can only

recreate the original input samples. They are unable to learn the data generating

distribution itself. So, if we give random samples from the latent distribution,

the model fails to recreate the input image. Hence, auto-encoders are suitable for

replicating images not for generative models.

3.6 Variational Auto Encoder

A variational auto-encoder (VAE) is a generative model that provides a probabilistic

approach for describing an observation in hidden space. Thus, using VAE, we

obtain an encoder that describes a probability distribution for each latent feature,

instead of an encoder which outputs just a single value to describe each latent state

attribute. Because of this, the latent spaces of VAE are continuous, allowing random

sampling. This helps in generating new unseen data. Unlike the autoencoder, VAE

understands the distribution of data in the latent space, z.

Variational Auto Encoder is used to disentangle and obtain the representation

learning of the data distribution from the latent space. It consists of an encoder and

decoder, both of which are, in neural network perspective, neural nets or multilayer

perceptron. The encoder, in true sense, is a probabilistic encoder qφ(z|x), that

when given some model parameters φ and input to the encoder datapoint x, models

the probability of obtaining the latent vector, z. Input data x is assumed to be

generated by a distribution with compared to the hidden representation. The

network has weights and biases φ. The representation z is lower dimensional
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Figure 3.3: Block diagram of training process in VAE

compared to the input data. Its dimension is a hyperparameter. The encoder

then has to learn an efficient representation of the data so that its encoding can

measure the true nature of data and produce the same x using the z. Assume that

the encoder is qφ(z|x) and is a gaussian probability density. Hence, the encoder

outputs parameter of the gaussian density which are mean and variance. We can

sample from this distribution and obtain representation of z. The decoder is also a

neural network or in true sense, a probabilistic decoder, pθ(x|z), which when given

some model parameters θ and the input of the hidden representation z, then it

gives the probability distribution of obtaining the data point x given the latent

vector z. This network also has weights and biases. The decoder is represented as

pθ(x|z).

If we assume our input image in a 28*28 image of an x ray, the encoder encodes

the 784 dimensional data into a latent representation space z which will be less

than 784. If the images only have black or white color then each pixel can be

represented by 0 or 1 and hence, its probability distribution can be presented by

a Bernoulli. The decoder receives input z and outputs 784 Bernoulli parameters

each for 784 pixels and decodes the real valued numbers.

Thus, the goal of VAE is to learn the distribution of the latent vector z, qφ(z|x).

Using this data distribution, the latent vector z can be sampled that can fed into
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the decoder network pθ(x|z) to create a new data point x.

Let us assume that the input data point is represented by x while z is the latent

vector obtained from the encoding process. Consider p(z, x) as the join probability

distribution between the input data point and the latent vector. Then, the problem

of encoding can be represented mathematically by the expression:

p(z|x) =
p(x|z)p(z)

p(x)
(3.17)

p(x) is given by,

p(x) =

∫
z

p(x|z)p(z)dz (3.18)

Expression [3.18] is intractable since its integral is not available in closed form as

there are multiple integrals over all the latent vector z. This problem is solved

by variational inference method that poses the inference problem in iterms of an

optimization problem. To do this, the problem p(z|x) is modeled using q(z|x)

that has a simple and well-known distribution like Gaussian. Then, we can use

KL-divergence to find the approximation difference between two distribution using

the expression,

p(x) =

∫
z

p(x|z)p(z)dz (3.19)

KL(qφ(z|x)||pθ(z|x)) =
∑
z

qφ(z|x) log
qφ(z|x)

pθ(z|x)

= Ez∈qφ(z |x) log
qφ(z|x)

pθ(z|x)

= Ez∈qφ(z |x)[log(qφ(z|x))− log(pθ(z|x))]

(3.20)

Using equations [3.17] and [3.20],

KL(qφ(z|x)||pθ(z|x)) = Ez ′ [log(qφ(z|x))− log
(pθ(x|z))pθ(z)

pθ(x)
]

= Ez ′ [log(qφ(z|x))− log(pθ(x|z))− logpθ(z) + pθ(x)

(3.21)
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Rearranging the expression, we obtain,

KL(qφ(z|x)||pθ(z|x))− log pθ(x) = Ez ′ [log(qφ(z|x))− log(pθ(x|z))− log pθ(z)]

= Ez ′ [log(pθ(x|z))]− Ez ′ [log(qφ(z|x))− log pθ(z)]

= Ez ′ [log(pθ(x|z))]−KL[(qφ(z|x))||pθ(z)]

(3.22)

Figure 3.4: Variational Auto-encoder

The first term in the equation [3.22] represents the likelihood of reconstruction

and the second term is the KL divergence term that ensures that the distribution

learned by the encoder is similar to the prior distribution of the latent vector. This

is the objective function of variational auto-encoder. There will certainly be loss in

encoding and subsequent decoding since all the information cannot be transmitted.

This information loss is measured with reconstruction log-likelihood.

The loss function of the variational auto-encoder can be obtained as,

Loss, li(θ, φ) = −ObjectiveFunction

= −Ez∼qφ(z|x)[logpθ(x|z)] +KL(qφ(z|x)||p(z))
(3.23)
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Our target is hence to obtain optimal parameters θ and φ such that

θ∗, φ∗ = argmin(θ, φ)L(θ, φ) (3.24)

where θ is the parameter of the decoder network and φ is the parameter of the

encoder network.

In equation [4.9], the first term is the reconstruction loss, also called log-likelihood,

that encourages the decoder to learn the right representation of the data for

accurate reconstruction. The other term is a regularizer called Kullback-Leiber

divergence that measures the divergence between encoder distribution qφ(z|x)

and p(z), measuring the loss of information when q is used to represent p. We

consider standard normal distribution for p. The training of VAE is performed

using gradient descent for loss optimization with respect to the encoder-decoder

parameters.

The variational auto-encoder is thus trained using a set of input images that helps

to learn the mean and standard deviation of the latent space. This Gaussian

density of the latent variables provides us the data generating distribution. For

reproducing an input image or similar one, we sample from one of the centroid

within the latent space and pass through the decoder network to obtain the image

in the input space.

3.7 Model Performance Metrics

To determine the quality and correctness of a classification model, following basic

evaluation metrics are computed

1. TP: The actual label and model classification are both positive.

2. FP: The actual label is negative but model classification is positive.

3. TN: The actual label and model classification are both negative.

4. FN: The actual label is positive but model classification is negative.
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For a classification problem, accuracy which is computed as the ratio of the correctly

classified examples to the total number of examples provided is a common evaluation

metric. However, with this approach, in medical AI there is a shortcoming of

getting the same metric value regardless of different cases. Let’s assume that there

is a model that predicts that any patient does not have emphysema regardless of

patient’s measurements. If just the accuracy is computed, a higher accuracy is

obtained if there are patients with fewer cases of emphysema in the test set. But a

higher accuracy does not necessarily mean a better model. Hence, it is customary

to compute other advanced measures to check how well the model predicts positives

for patients with disease and non-disease for cases that actually are diseased and

non-diseased.

3.7.1 Precision and Recall

Recall is defined as the probability that the model predicts that the patient has

diseases given that the patient has disease. It is also known as True Positive Rate

or Sensitivity,

Recall = TP/(TP + FN) (3.25)

Precision also called Positive Predicted Value, provides the probability that a

patient has the disease given that the model prediction is positive.

Precision = TP/(TP + FP ) (3.26)

3.7.2 AUC Score

A classification model predicts the True Positives and Negatives based on the

assumption of a threshold that dictates what output label is considered positive

and negative. This value of the threshold could have been any random number

hence this is an arbitrary choice and should not affect the decision provided by the

model. A method that helps see how the threshold plays out the decision of the

model is produced by a roc curve. The area under the ROC curve also called AUC

or C-statistic which is a measure of goodness of fit. This summarizes the model
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output across all thresholds, and provides a good sense of the discriminative power

of a given model.
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CHAPTER 4

METHODOLOGY

4.1 Tools and Resources Used

For the formulated thesis work, the following tools and resources are used:

1. Python: Python is a high-level programming language commonly used in

machine learning research projects.

2. Numpy: Numpy is a library widely used for scientific computing in Python

by providing a multidimensional array object, and functions and methods to

process them.

3. Pandas: Pandas is a Python library for doing fast and quick data manipula-

tion and analysis.

4. Matplotlib: Matplotlib is the most common plotting library for the Python

language.

5. Keras: Keras is an open-source library that provides a Python interface for

neural networks.

6. Jupyter Notebook: A Jupyter notebook allows us to write and execute

Python code locally in web browsers. It makes very easy to code, execute and

change in bits and pieces and hence it is widely used in scientific computing.

7. Anaconda: Anaconda is a framework with Python distribution for scientific

computing.

4.2 Dataset

For the formulated problem, the ChestX-ray8 [34] dataset and Guangzhou [35]

are used. Different experiments are carried to evaluate the representation learning

performance of deep generative models and are compared with a baseline model.
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Figure 4.1: A sample of chest x-ray [34]

4.3 Pre-processing

The input data consists of chest x-ray images which have very high resolutions.

To prepare the dataset images before building a deep learning model, images are

first prepared using the ImageDataGenerator class from the Keras framework.

The ImageDataGenerator class provides support for basic data augmentation and

preprocessing. Using the generator, the mean and standard deviation of the input

data distribution is normalized for standardizing the input. The input after each

epoch is shuffled to ensure ‘bad’ epochs that are not representative of the overall

dataset in training is not used. Image size is also set to 64 by 64 pixels since neural

networks receive input of the same size. This size is a reasonable dimension for

the deep layer convolutional network considering the depth of the network and the

computational overhead.

4.4 Proposed System

Our training data can be represented as Dl

⋃
Du where Dl is a set of labeled dataset

and Du is a set of unlabeled dataset. Our model comprises of two different systems.

The first one is a variational autoencoder which is used to extract the disentangled

representation of the input data, while the second one is a semi-supervised learning

block.

After the VAE has been fully trained, the ”encoder” can be directly used to help

with semi-supervised learning. Firstly, using all the labeled and unlabeled data
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Figure 4.2: Variational Auto-Encoder

Figure 4.3: VAE SSL model

points, the VAE is trained which transforms the observed data (X) into the latent

space defined by the Z variables. Using the pair of (Z,Y), a standard supervised

learning can be solved.

According to the analytical theory on machine learning, the latent space defined
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by z should capture some useful information about our data such that it’s easily

separable in our supervised learning problem. So, the main idea in this work

as presented in the diagrams 4.2 and 4.3 is that the disentangled representation

learning of the input image using a VAE is fed into the semi-supervised model to

make a classification of chest x-ray diseases.

29



CHAPTER 5

EXPERIMENT AND RESULTS

The aim of this research work was to evaluate the generalization ability of a

representation learning model in disease classification using a limited labeled

dataset. Experiment performed with chest x-ray images collected from standard

source of ChestX-ray8 [34] dataset and Guangzhou dataset [35]. A total of 50000

images were collected with pneumonia condition or normal for training with an

additional 5000 images for test set.

The first block of the proposed model, generating compressed representation of the

input images, was first completed. The performance of different generative models

was evaluated before selecting variational auto-encoder for subsequent stage. All

the generative models were trained using self-supervised learning and compared

for classification performance as well. In self-supervised method, the feature of the

x-ray images are extracted in unsupervised manner, however the classification is

performed using supervised method; hence, the name self-supervised.

5.1 Baseline model

To compare the generative models used for representation learning of x-rays,

first a base model of a deep convolutional neural network is devised to compute

the performance of the classifier. This is a simple supervised learning method

implemented only to compare our the self-supervised learning ability of other

models.

Initially, I experimented with 20000 images with a CNN model of 3 convolutional

layers. I trained the model with a learning rate of 0.001, dropout value of 0.2,

and the batch size of 32 images. Figure 5.2 shows the plot of loss vs epoch of the

model; which reveals that the training data size is still under-represented relative

to the validation dataset. This condition might occur if the training data is few

compared to validation. Under-representation condition is identified when there
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Figure 5.1: Baseline CNN model

is a large gap between training and validation loss even though both the loss are

decreasing as the training has continued. Hence, I collected more training images

for next experiment.

Figure 5.2: Loss vs Epoch of Baseline CNN model for 20000 training images

Evaluation metrics obtained by training the model and testing it against the test

dataset for 20000 training images is shown in Table 5.1:
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Table 5.1: Table depicting model performance of baseline model for 20000 training
images

Metrics Performance
Training accuracy 96%

Validation accuracy 86%
Testing accuracy 80%

Precision 0.76
Recall 0.98

F1 score 0.86
AUC score 0.74

For 50000 training images, a new CNN model consisting of 5 convolutional layers,

and pooling layers; with RELU activation function was developed. The number

of layers used in a deep learning model is determined by experiments or taking

reference from similar standard projects. With an increment in training images,

we generally increase the depth of the project. Similar image classification projects

of similar number of training images are referenced while deciding the depth of the

model architecture. It is important to notice that just an increase in number of

layers won’t improve the classification results of a CNN model as the architecture

suffers from vanishing gradient problem. Also, computing gradients and back-

propagating errors for very deep neural net is computationally expensive, so I

settled on an accepted depth of CNN.

To train the CNN model, I used a learning rate of 0.001 which is the default

learning rate value of Adam optimizer in Keras. A dropout value of 0.2 was applied

in the final layer so that the model does not over fit the input data. The batch size,

the number of training samples used by the optimizer before updating the model

parameters, of 32 images was used. Figure 5.3 shows the plot of loss vs epoch.
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Figure 5.3: Loss vs Epoch of Baseline CNN model 50000 training images

Evaluation metrics obtained by training the model and testing it against the test

dataset is shown in Table 5.2:

Table 5.2: Table depicting performance of baseline model

Metrics Performance
Training accuracy 96.21%
Testing accuracy 80.73%

Precision 0.79
Recall 0.91

F1 score 0.80
AUC score 0.74

To compare how the size of overall labeled dataset affects the prediction accuracy

on the test dataset, I again ran the baseline model on different dataset samples.

The same architecture was used only by varying the training images number.

Table 5.3: Table depicting model performance on varying size of training dataset

Sample size Accuracy
1000 43.35%
2000 48.44%
5000 60.97%
10000 67.31%
25000 76.75%
50000 80.73%

We can clearly observe that around 76% accuracy is achieved with 25000 samples,

and we need to increase the datasize by two times to improve the accuracy from

76% to 80% with this baseline CNN network. If we have only around 5000 labeled
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samples but an abundant of 45000 unlabeled samples then is there any method

that helps us learn from the unlabeled dataset in an unsupervised manner that

contribute to improving the accuracy with a limited labeled dataset? This is the

goal of semi-supervised learning and subsequent models.

5.2 Auto-encoder model

Figure 5.4: Auto-encoder model

Auto-encoders take an unsupervised approach for representation learning by de-

signing an encoder-decoder architecture of a neural network. The neural net forces

the original input to output a compressed representation due to the bottleneck in

the network. Then, a decoder reconstructs the compressed input utilizing the data

distribution and correlation learnt by the encoder network. For most auto-encoder,

the loss function consists of a reconstruction loss with an added regularizer to

prevent overfitting of the data. The architecture of an autoencoder is displayed in

Figure 5.4 which consists of convolution and max-pool layers in the encoder side

whereas in decoder side, the attempt to recreate the encoded output is handled by

subsequent convolution and upsample layers.
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For 20000 initial images, three layers of encoder-decoder architecture was used

with standard weight and learning rate initialization. Figure 5.5 shows the loss vs

epoch plot and it clearly shows that the model has fairly fit well with training and

validation loss has decreased to a point of stability with small gap between them.

However, there is a very fast convergence of the loss hence, for the subsequent

stage, more training images were collected.

Figure 5.5: Loss vs Epoch of Auto-encoder model of 20000 training images

Evaluation metrics obtained by testing the model against the test dataset for 20000

training images is shown in Table 5.4:

Table 5.4: Table depicting model performance of an auto-encoder model for 20000
training images

Metrics Performance
Training accuracy 95%

Validation accuracy 75%
Testing accuracy 87%

Precision 0.80
Recall 0.95

F1 score 0.88
AUC score 0.72

A drawback of standard auto-encoder is that when the input images are corrupted by

even small amount of noise, the the reconstructed images start to distort. Figure 5.6

reveals the reconstruction ability of the AE model. There is no sharpness in the

reconstructed images due to the reconstruction loss that averages out the differences

between individual pixel values. Also, there is a no definite distribution to sample

latent vectors, hence, it is not possible to generate random images. Figure 5.7
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shows that we cannot create new images from the standard auto-encoder model.

Hence, the auto-encoder model is not the perfect candidate for generative modeling.

Figure 5.6: Reconstruction by Auto-encoder model

Figure 5.7: Attempting to create new images from randomly sampling from
latent vector

After the reconstruction, the model was again trained in self-supervised manner,

to check how the feature extracted from the latent space would be useful in the

classification of diseases labeled in the x-ray image.

Table 5.5: Table depicting model performance of an auto-encoder model for 50000
images

Metrics Performance
Training accuracy 91%
Testing accuracy 82%

Precision 0.76
Recall 0.89

F1 score 0.82
AUC score 0.72

To train this self-supervised model, I used a learning rate of 0.001 which is the

default learning rate value of Adam optimizer in Keras. The batch size of 32 images

was used and the model was trained for 20 epochs. The images were shuffled after

every epoch. Evaluation metrics obtained by testing the model against the test

dataset is shown in Table 5.5.

5.3 Denoising auto-encoder model

Denoising auto-encoders are tasked with not just reconstructing the input by

training a neural network but also be sensitive enough to the important information
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of the input mage and discard the noises. Denoising auto-encoder is able to produce

a generalized encoder-decoder model even when the input data is slightly corrupted.

With this approach, our model isn’t memorizing the training data since the input

and output are different. However, the problem of generating new input data from

the normal distribution persists.

The ability of denoising auto-encoder ability in reconstructing the original input

even when the input images are corrupted is shown by Figure 5.8.

Figure 5.8: Input images and reconstructed image from denoising AE

After the representation learning ability of denoising AE model, I again use the

feature extracted in evaluating the self-supervised classification ability of the model

and obtain the following results.

Table 5.6: Table depicting model performance of a denoising auto-encoder model

Metrics Performance
Training accuracy 92%
Testing accuracy 70%

Precision 0.66
Recall 0.88

F1 score 0.75
AUC score 0.63

5.4 Variational auto-encoder

Variational Auto-encoders (VAE) are designed to address the most drawbacks

of auto-encoder models. VAE is trained to create new images from randomly

sampling the latent vector of the encoder model which are assumed to bear a

standard normal distribution. That means, while a standard auto-encoder maps

the input data to a point in the latent space, variational auto-encoder encodes the

input data to a standard normal distribution function which is represented in terms
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of mean and co-variance. To make sure that the encoder maps the input data to a

standard normal distribution, the loss function is modified to incorporate the KL

divergence loss that ensures that the encoding of the input data are indeed similar

to a normal distribution. Hence, to generate new images, we can just sample from

the standard normal distribution and the decoder will create the new images. The

decoder is however identical to a standard auto-encoder.

5.4.1 Model I

Figure 5.9: Block diagram of VAE Model 1

Firstly, I created a VAE model using only three convolution layers with relu as

activation function and no batch normalization. The block diagram of the model is

shown in Figure 5.9 and is self-explanatory. Figure 5.10 shows the reconstruction

ability of the VAE.

When the feature extracted by this model was evaluated in self-supervised model,

the evaluation metrics obtained were poorer than the earlier AE models. Use of

only 2 latent dimension i.e. the bottleneck might have been too small and might
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Figure 5.10: Reconstruction of input by VAE Model 1

have compressed the x-ray image too much that important information was lost

during encoding process. Or, as revealed by the plot in Figure 5.11, we have clearly

underfitted the training dataset, which can be recognized by an almost flat training

loss. Model has learnt nothing from the training cycle due to its limited complexity.

Figure 5.11: Loss vs Epoch of VAE Model 1

AUC score from the evaluation Table 5.7 also shows that the model is a random

classifier and is not better than any random predictor that predicts presence or

absence of disease out of whim.

Table 5.7: Table depicting model performance of VAE1

Metrics Performance
Training accuracy 71%
Testing accuracy 53%

Precision 0.525
Recall 0.4

F1 score 0.45
AUC score 0.5
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5.4.2 Model II

Considering the results of VAE Model I, I increased the encoder-decoder convo-

lution and convolution transpose layers to 5, decided to use leaky relu instead

of Relu, added batch normalization to the input images and also increased the

latent dimension, bottleneck for compression, to 3 from 2. Figure 5.13 shows the

reconstruction ability of the VAE model 2. There is blurriness in image because of

the RMSE loss that averages out the difference between image pixels.

Figure 5.12: Block diagram of VAE Model 2

Figure 5.13: Reconstruction ability of VAE Model 2

Sampling randomly from the latent vector gives us the creation of images in figure

Figure 5.15. VAE thus bears the ability to produce new input from vectors sampled
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Figure 5.14: Loss vs Epoch of VAE Model 2

from the a normal gaussian distribution.

Figure 5.15: Sampling randomly from latent vector of VAE Model 2

To check if the latent vectors are indeed distributed normally, I plot the first 50

elements of the encoded latent vector Z in Figure 5.16 to check if the addition of

KL divergence to the VAE is justified.
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Figure 5.16: Normal distribution of first fifty elements of the encoded latent
vector

The feature extracted by this VAE model was evaluated in self-supervised manner

and the evaluation metrics was obtained as shown in Table 5.8.

Table 5.8: Table depicting model performance of VAE2

Metrics Performance
Training accuracy 80%
Testing accuracy 73%

Precision 0.78
Recall 0.85

F1 score 0.82
AUC score 0.81
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5.5 Generative Model Comparison

Table 5.9: Table depicting overall comparison of generative model performance

Accuracy Precision Recall F1 AUC
Baseline model 80.7% 0.79 0.91 0.8 0.74

Auto-encoder model 82% 0.76 0.89 0.82 0.72
Denoising auto-encoder 70% 0.66 0.88 0.75 0.63

Variational Auto-encoder I 53% 0.525 0.4 0.45 0.5
Variational Auto-encoder II 73% 0.78 0.85 0.82 0.81

5.6 Semi-supervised learning

As described in section 4.4, a variational auto-encoder is a generative model

that produces the latent representation of the input data in an isotopic normal

distribution form. The goal of VAE is then to recreate the original input using

a decoder that translates the latent representation into the reconstructed input.

Assuming we have N+M number of dataset where N are labeled images and M

are unlabeled images, the property of VAE in semi-supervised learning uses the

following approach.:

1. Perform the training of a VAE model using N+M datapoints.

2. Transformation of the N+M input data (X) into the latent space defined by

the latent vector Z

3. Implementation of supervised learning using only the hidden representation

of labeled data, (Z,Y)

Theoretically, the latent representation vector, Z, should capture important infor-

mation of the input images that are separable in our classification model.

We selected the VAE as our generative model since Table 5.9 shows that the

discriminative ability of the model is better compared to rest of the representation

learning models. Although the test accuracy was low compared to an auto-encoder

model, its precision was larger compared to the AE model.
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Table 5.10: Table depicting VAE model performance on varying size of labeled
dataset

Labeled size Accuracy
1000 37.2%
2000 62.1%
5000 72.9%

Table 5.11: Comparison of model vs size of labeled dataset vs accuracy

Model N=1000 N=2000 N=5000
Baseline (CNN) 43.35% 48.44% 60.97%
M1 Model [33] 42% 63% 71%
M2 Model [33] 62% 80% 90%

Proposed model 37.2% 62.1% 72.9%

The proposed model performed better than the baseline model when the model was

trained with 2000 or more labeled images and a large number of unlabeled images.

When compared against the existing state of the art generative semi-supervised

modeling M1 and M2, the proposed model performed almost the same or better

than the M1 model. However, M2 model still outperformed the proposed model.

This could be either because of the dataset (M1 and M2 were trained and tested

against the standard MNIST dataset) or the complicated architecture of M2 that

combines the property of VAE, AE and baseline CNN in an end-to-end manner for

feature extraction.
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CHAPTER 6

CONCLUSION

6.1 Conclusion

Disentangled representation learning for semi-supervised classification of chest

x-rays is presented in this dissertation. Baseline CNN model for disease diagnosis,

comparison of generative modeling capacity of different models and use of VAE for

semi-supervised classification has been implemented and experimented successfully

with positive results. Semi-supervised classification is still however a difficult

field of research. In what manner do unlabeled dataset can contribute to disease

diagnosis is a fairly new topic of research.

For the experimentation with the chest x-rays, 50000 chest x-rays with presence or

absence of Pneumonia were collected from standard medical dataset sources. First a

baseline model using convolutional neural network was designed for classification of

x-rays based on the different sizes of labeled training dataset. For a dataset size of

1000, 2000, 5000, 10000, 25000 and 50000 labeled chest x-ray images, classification

accuracy of 43%, 48%, 61%, 67%, 77% and 81% were obtained. To improve our

classification accuracy from 76% with 25000 samples to 80%, the data size needed

to be increased by two times. If there were 5000 labeled samples but an abundant

of 45000 unlabeled samples then how could we utilize that unlabeled samples to

improve the accuracy? This was the goal of semi-supervised learning and this

dissertation.

Firstly, before selecting the variational auto-encoder as the generative model for

semi-supervised classification, basic representation models like auto-encoder and

denoising auto-encoder were both experimented. While the auto-encoder model

showed better test accuracy of 82% during self-supervised classification compared

to VAE accuracy of 73%, it failed to recreate the original samples over a random

range of Gaussian parameters. AUC score (0.81) and precision (0.78) of VAE

was comparatively better. Also, VAE model was able to create new images while
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sampling randomly from the latent vector, hence, VAE was selected as our model

for its better generative and discriminative ability.

For the final experiment, after the transformation of the VAE model using N+M

data-points where N denotes number of labeled images and M denotes number

of unlabeled images, supervised learning using only the hidden representation of

labeled data was implemented. The VAE model was able to outperform the baseline

CNN model with limited labeled dataset. While the CNN model’s accuracy was

43%,48% and 61% with 1000,2000 and 5000 labeled images, the VAE model had

better accuracy with more than 2000 labeled images and subsequent unlabeled

images. The model’s accuracy with 1000, 2000 and 5000 labeled images and with

49000,48000 and 45000 unlabeled images respectively were 37%,62% and 73%.

6.2 Limitation

It must be noticed that, for any deep learning diagnosis algorithm to be practically

applied, its performance criteria must be globally accepted. Any model with

accuracy below 95% or with unaccepted precision or recall (less than 0.8) or low

AUC score (less than 0.8-0.9) cannot be taken into practical consideration as such

models could produce disastrous results. The aim of this thesis, thus, is not to

build a diagnosis system but to inspect how unlabeled dataset can benefit the

generalization of a classifier. Since there is always an abundance of unlabeled

images, a semi-supervised model can pave the way for rapid application of such

images in building an medical diagnosis model, the performance of which, however,

must be closely monitored before implementing them in real life.

6.3 Future Scope

Generative modeling is a very active research topic particularly its implications

on semi-supervised learning. Abundance of unlabeled dataset and the ability of

representation learning to mimic the underlying data distribution makes it the

perfect fit for exploring semi-supervised learning. For further works, this research

can be extended to:
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• Propose a multi-label disease diagnosis using limited labeled dataset of

medical images with multiple pathology conditions

• Compare the ability of generative adversarial network in SSL

• Implement the existing model to evaluate disease diagnosis in other medical

images other than x-rays
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