
Robust Medical Image Analysis
using Privileged Information
Master’s Thesis

Master’s thesis in Biomedical Engineering

APALA CHAKRABARTI

DEPARTMENT OF ELECTRICAL ENGINEERING

CHALMERS UNIVERSITY OF TECHNOLOGY
Gothenburg, Sweden 2024
www.chalmers.se

www.chalmers.se




Master’s thesis 2024

Robust Medical Image Analysis
using Privileged Information

A Study on the Interplay of Privileged Information of Domain
Adaptation in the Context of Medical Imaging

APALA CHAKRABARTI

Department of Electrical Engineering
Division of Signal processing and Biomedical Engineering

Chalmers University of Technology
Gothenburg, Sweden 2024



Robust Medical Image Analysis using Privileged Information
A Study on the Interplay of Privileged Information of Domain Adaptation in the
Context of Medical Imaging
APALA CHAKRABARTI

© APALA CHAKRABARTI, 2024.

Supervisor: Fredrik Johansson, Department of Computer Science & Engineering
Examiner: Ida Häggström, Department of Electrical Engineering

Master’s Thesis 2024
Department of Electrical Engineering
Division of Signal processing and Biomedical Engineering
Chalmers University of Technology
SE-412 96 Gothenburg
Telephone +46 31 772 1000

Typeset in LATEX, template by Kyriaki Antoniadou-Plytaria
Printed by Chalmers Reproservice
Gothenburg, Sweden 2024

iv



Robust Medical Image Analysis using Privileged Information
A Study on the Interplay of Privileged Information of Domain Adaptation in the
Context of Medical Imaging
APALA CHAKRABARTI Department of Electrical Engineering
Chalmers University of Technology

Abstract
Domain adaptation is a crucial task in medical diagnosis and treatment planning,
as it enables models trained on large, labeled datasets to be effectively applied
to smaller, domain-specific datasets. This is particularly challenging due to data
scarcity and shifts in data distribution. Privileged Information (PI), such as binary
attributes or bounding boxes, has the potential to improve machine learning models’
adaptability across diverse domains. This study aims to investigate the role of PI in
domain adaptation for medical image classification. The results of this experiment
indicate that integrating PI led to increased accuracy and stabilized prediction ac-
curacies. Furthermore, the findings affirm the importance of both the quantity and
correlation of the PI provided and its correlation with output labels in enhancing
model performance, thereby supporting the fundamental principles of domain adap-
tation. Moreover, the study underscores the significance of strategically considering
PI attributes during model training to achieve stable output accuracy and effectively
mitigate domain shift. This comprehensive study will help improve diagnostic ac-
curacy in various domains, especially healthcare, which can lead to more effective
treatments and better patient outcomes.

Keywords: Machine learning, Domain adaptation, Medical image classification,
Privileged Information.
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List of Acronyms

Below is the list of acronyms that have been used throughout this thesis listed in
alphabetical order:

ACML Attributes Ranked by Correlation with Male Label
AOC Attributes Ranked by Overall Correlation
AT Atelectasis
AUC Area Under the Curve
CAGR Compound Annual Growth Rate
CelebA CelebFaces Attributes Dataset
CM Cardiomegaly
CNN Convolutional Neural Network
CT Computed Tomography
DALUPI Unsupervised Domain Adaptation by Learning using

Privileged Information
DANN Domain-Adversarial Neural Network
fMRI Functional Magnetic Resonance Imaging
FPR False Positive Rate
ML Machine Learning
MRI Magnetic Resonance Imaging
NIH National Institutes of Health Clinical Centre
NLP Natural Language Processing
PCA Principal Component Analysis
PE Pleural E�usion
PET Positron Emission Tomography
PI Privileged Information
R-CNN Region-based Convolutional Neural Network
ResNet Residual Network
RGB Red-Green-Blue
ROC Receiver Operating Characteristic
ROI Region of Interest
SDA Supervised Domain Adaptation
S-SDA Semi-supervised domain adaptation
SML Supervised Machine Learning
SPECT Single Photon Emission Computed Tomography
SSML Semi-Supervised Machine Learning
SVM Support Vector Machines
TPR True Positive Rate
UDA Unsupervised Domain Adaptation
UML Unsupervised Machine Learning
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Nomenclature

Below is the nomenclature of indices, sets, parameters, and variables that have been
used throughout this thesis.

Indices

i Index for sample in dataset

t Index for iteration

Sets

N Set of samples in dataset

Parameters

� Parameters of the model

N Size of the dataset

yi Actual label for the i th sample

� Learning rate, which controls the step size of the weight updates

� Trade-o� parameter controlling the importance of domain adapta-
tion objective

Variables

ŷi Predicted output for the i th sample

L (� ) Loss function over the dataset

L(ŷi ; yi ) Discrepancy between predicted and actual values for a single sample

wt Current weight at iteration t
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wt+1 Updated weight at iteration t + 1
@L
@w Gradient of the loss function with respect to the weights

x Input to the residual block and output from the previous layer

H (x) Output of the residual block

F (x) Function representing the residual mapping learned by the network

G Feature extractor

Ddomain Domain classi�er

Dclass Discriminative (task-speci�c) classi�er

hf Extracted features from the input data

L task Loss function for the task-speci�c classi�cation

L domain Loss function for domain classi�cation

P(classjx) Probability of class label given inputx

P(sourcejx) Probability of source domain given inputx
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1
Introduction

Accurate diagnosis based on medical imaging plays a pivotal role in clinical decision-
making, in�uencing treatment strategies and patient outcomes. However, despite
signi�cant advancements in medical imaging technology, diagnostic errors remain
a challenge, with studies consistently showing missed �ndings rates and diagnostic
errors by experienced radiologists [1]. These errors not only impact patient care but
also contribute signi�cantly to medical malpractice claims against radiologists.

Various methods have been developed to aid radiologists in diagnosis, including
visualization techniques enhancement, image fusion, and telemedicine platforms.
Despite these advancements, diagnostic outcomes have not seen signi�cant improve-
ments, prompting the need for more reliable and robust diagnostic tools. In response
to this challenge, the integration of machine learning (ML) algorithms has emerged
as a promising approach to augment radiologists' capabilities in interpreting medical
images and improving diagnostic accuracy.

ML models, which can establish patterns or make decisions based on previously
unseen data, have gained widespread traction across various industries, including
healthcare. However, challenges persist in developing robust algorithms capable
of accommodating images from diverse sources due to the absence of standardized
guidelines for image resolution, angles, and other imaging parameters, along with
slight variations in images from di�erent instruments [2, 3].

One of the primary challenges in medical image analysis is domain shift, where
images from di�erent sources have varying distributions, leading to suboptimal per-
formance of ML models trained on one dataset when applied to another. Domain
adaptation refers to the process of modifying models to handle the di�erences be-
tween source and target domains e�ectively. To address this challenge, novel ap-
proaches are emerging that leverage PI � additional data accessible solely during
training, enriching the learning process while not in�uencing predictions at test time
[4]. These approaches aim to capitalize on available information to enhance model
generalization and adaptability in the face of distributional changes. Magnetic Res-
onance (MR) images, known for their high contrast and detailed soft tissue imaging
capabilities, present unique challenges and opportunities in domain adaptation due
to variations in scanning protocols and hardware.

Prior studies in medical image analysis have investigated diverse domain adapta-
tion techniques for enhanced model performance. Adversarial domain adaptation
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1. Introduction

[5] aims to mitigate variability in MR image segmentation across imaging protocols.
Reviews [6] have surveyed domain adaptation methods for histopathology image
analysis. Unsupervised domain adaptation [7] addresses data heterogeneity in brain
lesion segmentation. Challenges include domain-speci�c sensitivities [5][7], anatom-
ical dependency [5], and parameter tuning [6][7]. Similarly, the use of PI in the clas-
si�cation of medical images is highlighted by signi�cant studies as seen in literature.
In brain disorder diagnosis, combining structural MRI (sMRI) as unprivileged data
with functional MRI (fMRI) as PI o�ers accuracy gains, though reconciling modali-
ties poses challenges [8]. Alzheimer's disease diagnosis employs ensemble privileged
learning with MRI data as unprivileged and undisclosed PI, highlighting potential
but acknowledging integration hurdles [9]. Ultrasound elastography employs PI for
strain reconstruction, enhancing accuracy but implying seamless data fusion [10].
Glioma grading employs multimodal convolutional neural networks with privileged
learning for improved accuracy, facing challenges in e�ective privileged data inte-
gration [11]. These studies demonstrate the potential of PI while also recognizing
the di�culties posed by modalities, mismatches, and data distribution. General-
izing domain adaptation and the use of PI to clinical scenarios demands further
exploration and advancement.

Previous research highlights certain challenges in medical image analysis, encom-
passing domain shift from diverse imaging protocols, anatomical variations impact-
ing segmentation, and data heterogeneity. Integrating multiple modalities faces
di�culties arising from mismatches and limited labeled data. Similarly, leveraging
PI e�ectively without over�tting presents challenges. To address this gap, a com-
pelling approach involves integrating both domain adaptation and PI to enhance
robustness, thereby facilitating practical solutions for medical applications [12]. In
this project, we aim to comprehensively investigate the interplay between domain
adaptation and PI in the context of medical image analysis. Drawing from the
groundwork observed in [12], the focus of this project is to delve deeper into the
optimal integration of diverse PI categories and their precision attributes. Through
this endeavor, our objective is to enhance the robustness and e�ectiveness of image
classi�ers for medical applications.

This project focuses on investigating the interplay between domain adaptation and
PI in the context of medical image analysis. By integrating both domain adaptation
and PI, we aim to enhance the robustness and e�ectiveness of image classi�ers for
medical applications. The thesis follows a structured approach, beginning with
a comprehensive background study to establish the context and identify research
gaps in the �eld of robust medical imaging. It then delves into potential solutions,
leading to the exploration of the "Unsupervised Domain Adaptation by Learning
using Privileged Information" (DALUPI algorithms) and their applicability across
diverse datasets.

Speci�cally, we aim to answer the following research questions:
1. Does the number of PI features provided impact the performance of the model?

If so, in what way? Additionally, how does the correlation of the PI with the

2
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output label impact the performance of the model?
2. To what extent does the granularity of PI, measured by speci�cs such as level

of detail, relate to the performance of image classi�ers in domains with notable
distribution shifts?

3. How well can the DALUPI approach be extended to non-medical datasets,
and what insights does its application in broader contexts provide? Can
DALUPI consistently outperform existing domain adversarial models across
various datasets?

The primary objective of the thesis is to evaluate the impact of leveraging PI on
enhancing the robustness of the algorithm across varied datasets and modalities.
Through a series of experiments, the thesis aims to address several research ques-
tions that remain unexplored in the context of DALUPI learning of image classi�ers,
particularly within the medical domain. The scope of this thesis encompasses the
expansion and application of a developed algorithm aimed at evaluating its perfor-
mance across diverse domains. The evaluation utilizes publicly available datasets,
including the CelebA dataset, NIH Chestxray dataset, and the CheXpert dataset.
Notably, the algorithm has not been assessed using proprietary or collected data
sources.

In summary, the thesis provides a systematic exploration and expansion of DALUPI
algorithms in the context of medical imaging, o�ering insights into their e�ectiveness,
limitations, and future directions for research and development.

3
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2
Background

This chapter serves as a foundational exploration of the theoretical aspects essential
for the project's comprehension and execution. It is structured into subsections,
each focusing on a major component relevant to the project's objectives.

2.1 Medical imaging

Medical imaging plays a vital role in examining the internal structures of the body
to identify abnormalities. In cases of traumatic incidents, such as accidents, it
is essential to detect haemorrhages promptly to prevent excessive blood loss and
maintain the patient's stability. Timely identi�cation of concussions or brain trauma
is critical to prevent impairments in bodily functions. Moreover, medical imaging
techniques are commonly used to detect fractures and tumours. These imaging
modalities vary from basic X-ray scans to advanced techniques like MRI and Positron
Emission Tomography (PET) scans.

2.1.1 Medical Imaging Modalities

Medical imaging modalities are broadly classi�ed into anatomical and functional
imaging. Anatomical imaging focusses primarily on visualising the structure and
morphology of the body. These modalities include X-rays, Computed Tomography
(CT), MRI imaging, and ultrasound imaging. While each modality operates on dif-
ferent physical principles, they all provide images that depict the structural features
of the body.

X-rays are commonly utilized to detect fractures and abnormalities in bones due
to their ability to penetrate tissues and produce images of dense structures. CT
and MRI imaging o�er more detailed views of internal organs and tissues. CT
scans use X-rays from multiple angles to create cross-sectional images, allowing
for the detection of clots, tumours, and other anomalies. MRI imaging, based on
magnetic �elds and radio waves, provides high-resolution images of soft tissues,
making it particularly useful for diagnosing neurological disorders and identifying
abnormalities in organs like the brain and heart.

Ultrasound imaging stands apart from other modalities as it does not involve expo-
sure to ionizing radiation or radioactive materials. Instead, it utilizes sound waves
to create images, making it safe for use during pregnancy and in paediatric patients.

5



2. Background

Ultrasound imaging is commonly employed to assess blood �ow, monitor foetal de-
velopment during pregnancy, and evaluate the function of organs such as the heart
and kidneys.

Anatomical imaging modalities [36] play a crucial role in the diagnosis of a wide
range of medical conditions. Functional imaging modalities [37] specialize in visu-
alizing the physiological processes and functions within the body. Among these,
Single Photon Emission Computed Tomography (SPECT) and PET imaging are
the prominent methods used today. Both modalities involve the administration of
radioactive tracers to detect metabolic activity and functions of organs and tissues.

SPECT imaging involves the detection of gamma rays emitted by a radioactive
tracer during its decay process, enabling the creation of three-dimensional images
that illustrate the tracer's distribution within the body. This imaging modality
is instrumental in assessing blood �ow, identifying tissue damage, and diagnosing
conditions like coronary artery disease and speci�c neurological disorders.

In contrast, PET imaging employs positron-emitting radioactive tracers that emit
gamma ray pairs upon interaction with tissues. PET scanners then generate de-
tailed images re�ecting metabolic processes, such as glucose metabolism, within the
body. Widely utilized in oncology for tumour detection, staging, and treatment re-
sponse monitoring, as well as in neurology for diagnosing disorders like Alzheimer's
disease and epilepsy, PET imaging provides crucial insights into organ and tissue
functioning.

Both SPECT and PET imaging techniques furnish clinicians with indispensable
information for diagnosing, planning treatments, and monitoring a diverse array of
medical conditions. Despite their reliance on radioactive tracers, these modalities
are deemed safe when administered judiciously and o�er unparalleled capabilities in
functional imaging.

While there are a multitude of imaging modalities to choose from for various in-
stances, there are several challenges faced in interpreting these images. Challenges
range from inherent noise and artefacts in the images to variations in image quality
and resolution due to di�erences in equipment and imaging protocols. In addition,
the anatomical variability among individuals and the complexity of pathological
conditions further complicate the interpretation process.

2.2 Machine Learning in Medical Imaging

With the growing popularity of ML algorithms in recent years, they have become
powerful tools for analysing medical images. ML techniques play a crucial role
in tasks such as image segmentation, feature extraction, and classi�cation, aiding
clinicians in achieving accurate diagnosis and treatment planning.

6



2. Background

Image Segmentation

Image segmentation is the process of partitioning an image into distinct regions or
objects to simplify its analysis and interpretation. Medical images such as CT or
MRI scans often contain a wealth of information. It is essential to focus on only
the relevant information for better understanding and interpretation. In such cases,
image segmentation is crucial for the extraction of important information [34]. ML
algorithms, particularly deep learning models such as convolutional neural networks
(CNN's) excel at image segmentation tasks [35]. By training on large datasets of
annotated medical images, these algorithms can automatically identify and delineate
structures and abnormalities within the images, such as tumors, organs, or blood
vessels.

Feature Extraction

Once segmented, distinctive features or speci�c characteristics need to be extracted
for analysis. These features range from shape, size, texture and intensity to spatial
relationships between di�erent structures. ML techniques such as Principle Compo-
nent Analysis (PCA) and wavelets transforms can automatically detect informative
features from medical images, reducing the manual e�ort required and potentially
uncovering subtle patterns or biomarkers that may be indicative of speci�c diseases
or conditions.

Classi�cation Tasks

ML algorithms are often employed for classi�cation tasks once the images are seg-
mented and relevant features are discerned. The objective of the classi�cation task is
to assign a label or a diagnosis to each segmented region based on its extracted fea-
tures. Various ML algorithms such as Support vector Machines (SVM) or Random
Forest algorithms can be employed for the same. To enable automated diagnosis
and assist clinicians in making informed decisions about patient care and treatment
planning, these classi�ers undergo training to recognize patterns and correlations
within the derived features. Furthermore, ML models have the capacity to be up-
dated and improved with fresh data on a regular basis, which eventually improves
their accuracy and generalisation.

Machine learning algorithms can broadly be classi�ed into three categories based
on the availability of labelled data: supervised, semi-supervised and unsupervised
learning. In supervised machine learning(SML) (A.1.1), models are trained us-
ing labeled data, pairing each input with its corresponding output. This method
demands a considerable amount of labeled data to train e�ectively.Unsupervised
machine learning(UML)(A.1.2), however, trains models on unlabeled data without
explicit guidance. The objective is to uncover patterns, relationships, or structures
within the data autonomously. Semi-supervised machine learning(SSML) (A.1.3)
combines labeled and unlabeled data for training. This hybrid approach proves
valuable when acquiring labeled data is costly or di�cult. By leveraging the abun-
dance of unlabeled data alongside limited labeled examples, SSML enhances model
performance.
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The following subsections primarily discusses the range of algorithms utilized in the
experiments conducted for this thesis. This includes various types of Convolutional
Neural Networks, and commonly used domain adaptation algorithms to asses the
e�ectiveness of the proposed algorithm.

2.2.1 Input, Output and Loss

Typically, ML models have one or more inputs, denoted asx. These inputs can vary
widely, including text, audio, sensor data, tabular data, images, etc. The model then
predicts an output, denoted asy. The output y represents the target variable or
variables that the model aims to predict based on the inputx. This is depicted as a
simpli�ed block diagram in �g 2.1 For instance, in regression tasks,y is a continuous
value, while in classi�cation tasks,y consists of a set of discrete classes or categories.

Figure 2.1: Simpli�ed block diagram of a ML model with input x and output y

The primary goal in ML is to train models to make accurate predictions or classi-
�cations based on input data x. This is achieved by optimizing model parameters
to minimize a prede�ned loss function, which quanti�es the discrepancy between
predicted outputs ŷ and actual labelsy.

Mathematically, the loss functionL can be de�ned as the average discrepancy be-
tween predicted and actual values over a dataset of sizeN :

L (� ) =
1
N

NX

i =1

L (ŷi ; yi ) (2.1)

Where:
ˆ � represents the parameters of the model.
ˆ ŷi denotes the predicted output for thei th sample.
ˆ yi is the actual label for thei th sample.
ˆ L is a loss function that computes the discrepancy between predicted and

actual values for a single sample.
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2.2.2 Convolutional Neural Network (CNN)

A CNN is a type of deep learning algorithm (an algorithm which can learn from its
own errors [62]), which is particularly suited for image recognition and processing
tasks [63]. The main layers seen in a CNN are given in Table 2.1 [64] [65].

Table 2.1: Overview of Di�erent Layer Types in CNNs

Layer Type Description
Convolutional Layers Utilize convolutional operations to detect

features like edges and textures in input im-
ages. Maintain spatial relationships between
pixels.

Pooling Layers Reduce spatial dimensions of input, lowering
computational complexity. Common opera-
tions include max pooling, selecting the max-
imum value from groups of adjacent pixels.

Fully Connected Layers Make predictions based on high-level features
learned from previous layers. Establish con-
nections between every neuron in one layer
to every neuron in the next layer.

The convolutional layer is a fundamental component of a CNN. This layer applies
�lters to the input image, extracting essential features such as edge detection, tex-
tures, and shapes. The output from this layer is subsequently passed to the pooling
layers, which serve to down-sample the feature maps, reducing spatial dimensions
while preserving the signi�cant features extracted in the previous layer. The output
of the pooling layer then undergoes one or more fully connected layers, which are
responsible for predicting or classifying the image based on the designated task. A
typical CNN is depicted in �g 2.2
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Figure 2.2: Generalised CNN Architecture

The neural network training process involves adjusting the weights of the network to
minimize a prede�ned loss function [73]. This process is known as back-propagation
[72], and it relies on gradient descent [74] to iteratively update the weights. The
gradient descent algorithm computes the gradient of the loss function with respect
to the weights and adjusts the weights in the opposite direction of the gradient to
minimize the loss [75]. The weights are updated according to the following equation:

wt+1 = wt � �
@L
@w

(2.2)

Where:
ˆ wt+1 is the updated weight at iteration t + 1.
ˆ wt is the current weight at iteration t.
ˆ � is the learning rate, which controls the step size of the weight updates.
ˆ L is the loss function.
ˆ @L

@w is the gradient of the loss function with respect to the weights.

The choice of loss function depends on the task at hand. For classi�cation tasks,
common loss functions include cross-entropy loss and hinge loss. For regression
tasks, mean squared error (MSE) and mean absolute error (MAE) are commonly
used.

The versatility of CNNs spans multiple applications, such as image classi�cation,
object detection, segmentation, and generation [66]. For object detection tasks,
bounding boxes are commonly employed. These boxes identify and encapsulate the
targeted object, allowing for targeted attention during subsequent processing and
analysis. Often, multiple boxes may be used to represent di�erent objects within
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