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Abstract

Ovarian cancer affects women worldwide, and early and accurate detection is
essential for appropriate treatment planning. The gold standard for diagnosis
is histological biopsy, a costly and invasive procedure that could potentially be
avoided in many cases through reliable imaging-based assessment. Ultrasound
imaging represents a widely available and cost-effective alternative; however, its
interpretation is inherently subjective and depends on the clinician’s expertise.
In recent years, deep learning approaches have been applied to ultrasound images
for automatic differential diagnosis, often achieving performance comparable to
expert clinicians. Nevertheless there are some important limitations related to the
application of standard supervised machine learning in this setting. In clinical
practice different images and/or videos are collected for each patient, and then
a unique label is assigned at the clinical case level. In machine learning terms,
this means that labels are not available at the item-level, but only at the clinical
case-level, leading to a weakly supervised learning problem that can be naturally
addressed by the Multiple Instance Learning (MIL) paradigm.

The objective of this thesis is to investigate whether MIL-based models are better
suited than standard supervised approaches for case-level diagnosis of ovarian
tumors from ultrasound data. A baseline model based on standard supervised
learning was first implemented. Subsequently, four MIL approaches with different
assumptions and structural complexity were evaluated: Attention-based MIL
(ABMIL), Dual-Stream MIL (DSMIL), Transformer-based MIL (TransMIL), and a
Graph Neural Network (GNN)-based MIL model. To the best of our knowledge, this
represents the first comparative study of these MIL architectures on an ultrasound
dataset for ovarian tumor diagnosis.

Several metrics were computed, but Fl-score was used to compare models and
select the best one, as it is the most suitable for imbalanced datasets. All MIL
models outperformed the supervised baseline, proving the suitability of the MIL
framework for weakly labeled ultrasound data. Among the evaluated approaches,
DSMIL achieved the highest performance. These results provide evidence that
MIL constitutes a more appropriate learning strategy than standard supervised
methods when only case-level annotations are available.
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Introduction

Ovarian cancer is one of the most common malignancies affecting women worldwide.
A timely and accurate diagnosis is essential for appropriate treatment planning and
for preventing disease progression. Ultrasound imaging represents the most widely
used diagnostic modality for the assessment of ovarian tumors, as it is non-invasive,
relatively inexpensive, and associated with minimal risk and discomfort for the
patient [1]. However, ultrasound imaging is highly operator-dependent: image
quality and diagnostic interpretation can vary depending on the clinician performing
the acquisition, the equipment used, and patient-specific factors that may facilitate
or hinder the examination. For these reasons, computational approaches capable
of providing a more objective and reproducible assessment based on ultrasound
data could significantly support clinical decision-making.

With the rapid development of deep learning techniques, increasing attention
has been devoted to their application in the automatic analysis of ovarian tumors
[2]. Numerous studies have proposed deep learning models for the differential
diagnosis of ovarian masses, typically aiming to distinguish between benign and
malignant lesions. Most of these approaches rely on fully supervised learning,
which assumes that detailed annotations are available for each individual image or
video frame in the dataset. In clinical practice, however, this assumption is often
unrealistic. A more common scenario involves multiple ultrasound images or video
sequences acquired for a single clinical case, with only one overall diagnosis or risk
classification provided at the patient level.

In this context, Multiple Instance Learning (MIL) offers a suitable weakly
supervised framework. MIL assumes that data are organized into groups of instances,
called bags, and that labels are available only at the bag level rather than for
each individual instance. This paradigm is particularly appropriate for medical
imaging scenarios where fine-grained annotations are difficult, time-consuming, or
impractical to obtain.

In this project, we investigate and compare several deep learning models based
on the MIL paradigm for the binary classification of ovarian tumors into benign
or malignant from ultrasound data. As a reference baseline, we first implement a
conventional supervised model that performs binary classification at the instance
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Introduction

level by propagating the bag label to all instances within the bag. Subsequently,
four established MIL-based models are implemented and evaluated on a dataset of
ultrasound images and videos of ovarian tumors. The models considered in this
study are:

1. Attention-Based MIL (ABMIL): assigns an attention weight to each
instance in order to identify those that contribute the most to the bag-level
prediction;

2. Dual-Stream MIL (DSMIL): identifies the most relevant instance, referred
to as critical, and models relationships among each other instance and that
critical one;

3. Transformer-based MIL (TransMIL): employs self-attention mechanisms
to capture pairwise interactions among instances within the bag;

4. Graph Neural Network (GNN)-based MIL: represents bags as graphs
in which instances correspond to nodes, enabling the modeling of structural
relationships through edges.

All these models aggregate instance-level information to obtain a single bag repre-
sentation, which is then used to perform the final binary classification.

This thesis is organized as follows. Chapter 1 introduces the clinical back-
ground, describing the main characteristics of ovarian tumors and motivating the
application of machine learning techniques in this domain. Chapter 2 provides
the theoretical foundations necessary for this work: the first part reviews deep
learning models and their typical workflows, while the second part focuses on the
Multiple Instance Learning paradigm, presenting its formal definitions, assump-
tions, and the theoretical description of the models considered in this project.
Chapter 3 details the experimental methodology, including dataset preparation,
evaluation metrics, and the implementation details of each model, together with
their architecture-specific hyperparameters. Finally, Chapter 4 presents and
discusses the experimental results, providing a comprehensive comparison between
the different MIL approaches and the baseline model.

The results obtained in this work demonstrate that MIL-based approaches can
outperform the baseline supervised model in the task of binary classification for
ovarian tumor differential diagnosis using ultrasound data, particularly in scenarios
where only case-level labels are available.



Chapter 1

Medical motivation:
overview of ovarian tumors

In this introductory chapter, first it is provided an overview of ovarian tumors,
describing their main characteristics and the different types, stressing the high
diffusivity, the often late diagnosis and the associated risks. Then some examples
of ultrasound images of ovarian cysts are presented and the standard diagnostic
rules used to predict the type of tumor based on the image features are described,
highlighting the inherit subjectivity and variability related to these rules, intro-
ducing then how the usage of machine learning models could help overcome these
limitations. Finally, the role of SynDiag is introduced, the company where this
thesis project was developed, which aims at pursuing machine learning based
alternatives to support and improve ovarian tumor diagnosis.

1.1 (General aspects of ovarian tumors

According to data published by the World Cancer Research Fund in [3], in 2022
ovarian cancer was the eighth most common cancer among women worldwide, with
more than 300.000 new cases reported. This fact highlights the importance of
an early detection and an accurate classification. Unfortunately, due to its mild
symptoms and to the absence of an effective population-wide screening program,
diagnosis frequently occurs at advanced stages, for which the survival rate is much
lower than for detection at earlier stages [4].

Analyzing more deeply ovarian tumors, they can be of many different types and
can be broadly grouped into three categories: benign, malignant and borderline.
Malignant tumors correspond to what is commonly referred to as ovarian cancer
and are associated with the most severe clinical outcomes, while borderline cases
represent an intermediate group with features between benign and malignant lesions.
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Although all tumor types require appropriate clinical management, prognosis and
treatment strategies differ substantially depending on the tumor classification.
Consequently, a correct and early diagnosis is crucial to ensure the most suitable
therapeutic approach.

A further difficulty in ovarian tumor management is the ability to correctly
identify both the presence and the type of tumor using non-invasive methods.
Histological analysis obtained through biopsy remains the most reliable diagnostic
tool; however, it is invasive, costly, and not always feasible as a first-line examination.
For this reason, ultrasonography represents the most widely used imaging modality
for the evaluation of adnexal masses [5], owing to its accessibility, low cost, and
safety. To better understand how the data we are discussing presents itself, Figure
1.1 shows two examples of ultrasound images of ovarian tumors, where the black
circular area correspond to the cyst.

(a) First example

(b) Second example

Figure 1.1: Examples of ultrasound images of ovarian tumours

To support clinicians in the interpretation of ultrasound images, a set of stan-
dardized criteria known as the International Ovarian Tumor Analysis (IOTA) rules
were developed [6]. These rules aim to classify ovarian tumors based on specific
morphological and structural features observed in ultrasound images. Some of
these rules are summarized in Figure 1.2, where red labels correspond to features
related to malignant tumors, while green labels correspond to features of benign
tumors.

Although the IOTA rules represent an important step toward standardizing
ultrasound-based diagnosis of ovarian tumors, this process still involves a significant
degree of subjectivity. Variability may arise both during image acquisition, as
clinicians operating the ultrasound probe may emphasize certain anatomical regions
while overlooking others, and during image interpretation, since several diagnostic
criteria rely on qualitative assessments, such as the evaluation of cyst irregularity.
As a result, inter-observer variability remains a well-documented issue, potentially
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Figure 1.2: Summary of IOTA rules

leading to inconsistent diagnostic outcomes across operators and clinical centers.

1.2 Machine learning for ovarian tumors

In this medical setting, machine learning techniques offer a promising approach
to reduce subjectivity and improve diagnostic consistency by learning predictive
patterns directly from imaging data. Recent studies have shown that data-driven
models can achieve performance comparable to expert-based assessment in ovarian
tumor classification tasks [2]. These results motivate the investigation of automated
methods as decision support tools in clinical practice and form the basis of the
approach explored in this thesis.

Despite their potential, the application of machine learning methods in clinical
workflows presents some practical challenges. In particular, most supervised learning
techniques require large datasets with detailed annotations, including image-level
labels or explicit delineation of regions of interest. Such annotation procedures are
rarely compatible with routine clinical practice, as they are time-consuming and
require additional effort from trained clinicians. In standard diagnostic workflows,
labels are typically assigned at the patient or examination level, regardless of
the number of images or videos acquired, and without explicit localization of
diagnostically relevant regions.

This mismatch between the structure of clinical data and the requirements of
conventional supervised learning approaches highlights the need for alternative
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machine learning paradigms. Methods capable of learning from weakly labelled data,
where only coarse-grained annotations are available, are particularly well suited
to this setting [7]. By leveraging patient-level labels while implicitly identifying
informative patterns at the image level, such approaches enable the development
of scalable and clinically compatible decision support systems for ovarian tumor
diagnosis and corresponding gold standard provided by histological biopsy.

1.3 Context of the thesis: SynDiag

This thesis project was developed in collaboration with SynDiag, an enterprise
focused on the development of artificial intelligence-based decision support tools
for gynaecological imaging. The company aims to assist clinicians in the analysis
of ultrasound examinations of ovarian lesions, with the goal of supporting tumor
characterization and clinical decision-making during routine diagnostic workflows.

SynDiag’s research activities are primarily centered on two complementary
tasks. The first involves the segmentation of irregular anatomical structures within
adnexal masses, with the objective of identifying potentially pathological regions.
The second focuses on differential diagnosis, which aims to predict the type of
ovarian tumor based on imaging features extracted from ultrasound images and
video sequences. To support these activities, SynDiag collaborates with clinicians
from multiple hospitals in Italy and abroad and has access to a heterogeneous
dataset of retrospectively collected ultrasound images and videos, each associated
with expert-level clinical diagnoses.

This thesis focuses on the differential diagnosis task. In particular, it investigates
the application of weakly supervised machine learning approaches to address the
annotations granularity limitations discussed in the previous section. Since clinical
labels are typically available only at the patient level, the adoption of learning
paradigms capable of exploiting such coarse annotations is essential. For this reason,
the methods explored in this work build upon Multiple Instance Learning (MIL)
frameworks, which are specifically designed to learn from collections of instances
associated with a single global label. A detailed overview of the machine learning
background and multiple instance learning techniques relevant to this study is
provided in next chapter.



Chapter 2

Foundations of Machine
Learning and Multiple
Instance Learning

In this chapter, the background knowledge necessary for understanding this thesis
project is introduced. First, general concepts of machine learning are recalled,
focusing on the typical workflow of a learning-based approach and on key aspects
such as model training and generalization. Subsequently, the discussion focuses on
deep learning methods, describing neural networks and the role of convolutional
layers in extracting meaningful feature representations from images.

The second part of the chapter focuses on the Multiple Instance Learning (MIL)
paradigm, presenting its formal definition, underlying assumptions, and main
methodological categories. Finally, an overview of deep learning approaches applied
to ultrasound images of ovarian tumors is provided as a reference for baseline
models, followed by a detailed description of the original implementations of the
MIL-based models considered in this work.

2.1 Machine learning background

In this section, a brief overview of the general machine learning workflow is
provided in order to clearly define the main procedural steps adopted throughout
this project. Subsequently, a more detailed explanation of neural networks is given,
with particular attention to their application to image data through convolutional
layers and to the extraction of feature representations, commonly referred to as
embeddings.



Machine learning and Multiple Instance Learning

2.1.1 Machine learning basics

The objective of a machine learning model is to first automatically detect and learn
specific patterns in data and second to use them to make inference and decisions
about new data. These patterns are learned by optimizing the parameters of a
function that should be able to model the input data. This purpose is obtained
through different steps, following a specific workflow that is common for every type
of ML problem and that is summarized in Figure 2.1.

| Dala preparation ‘

Training set(s) ‘ Validation set I Test set

Y

Train the model «-—|

Fine tune
] the model
Evaluate the

model

Y

r

Predictive model |-

Figure 2.1: Schematic Machine Learning Workflow

General workflow

The first step of the workflow is data acquisition. In many practical scenarios,
including the present thesis, this step is performed by actors outside the machine
learning pipeline. In the considered case, ultrasound images and videos are acquired
by clinicians during patient examinations, while collaborators at SynDiag collect and
organize the data into a centralized database. The second step is data preprocessing.
This phase aims at prepare data efficiently and in a suitable format for the learning
algorithm. This preparation could include operations such as cropping, resizing,
normalization or standardization, depending on the nature of the data. After
preprocessing, the dataset is typically split into training, validation, and test sets.
The training and validation sets are used to train and tune the model under different
hyperparameter configurations. Once the optimal configuration is selected based on
validation performance, the final model is evaluated on the test set, which provides
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a final estimate of its generalization performance. Algorithm 1 summarizes the
main steps of the learning process.

Algorithm 1 Typical Machine Learning Workflow

Require: Dataset D, learning algorithm A, hyperparameters ©
Ensure: Trained model M* and performance metrics
1) Data acquisition
2) Preprocessing of dataset D
3) Split D into training, validation, and test sets
for all # € © do
4) Train model M <+ A(Dyrqin, 0)
5) Evaluate M on D,
end for
6) Select best model M* based on validation performance
7) Evaluate M* on Dieq
return M* and evaluation metrics

Training and validation

The training phase consists in iteratively updating the model parameters in order
to minimize a loss function, which quantifies the discrepancy between the model
predictions and the corresponding ground-truth labels. This optimization process
is typically performed using gradient-based methods, which adjust the parameters
in the direction that reduces the loss. Validation is performed alongside training to
monitor the model’s performance on unseen data and to guide decisions regarding
the hyperparameter selection. The alternation between training and validation
steps allows one to assess whether improvements in training performance translate
into better generalization.

Generalization and overfitting

A fundamental requirement of a machine learning model is the ability to generalize
to unseen data. A model that is excessively complex may memorize the training
data instead of learning the underlying patterns, while an overly simple model may
fail to capture relevant structures in the data. An index of the generalization level is
usually obtained by comparing the training loss with the validation loss. While the
training loss typically decreases monotonically during optimization, the validation
loss usually reaches a minimum and may start increasing afterwards. This behavior
indicates the beginning of the overfitting phase, where the model begins to adapt
too closely to the training data, memorizing them and losing its ability to generalize.



Machine learning and Multiple Instance Learning

In classical machine learning models, the inputs of the learning model are
feature vectors that summarizes relevant characteristics of the input data. An
evolution of these models are the deep learning ones, in which feature extraction
and prediction are jointly learned from data. The next section focuses on neural
networks, which are the basis of deep learning models, with particular attention to
convolutional architectures for image analysis and to the construction of learned
feature representations used as inputs for Multiple Instance Learning models.

2.1.2 Basics on Neural Networks

In classical machine learning approaches, features are manually extracted from
the raw data and subsequently provided as input to a learning algorithm, which
is then trained to produce a prediction based on these fixed representations. In
contrast, in deep learning models the feature extraction is performed jointly with
the prediction, learning hierarchical representations directly from data through a
class of models known as neural networks.

Input Feature Extraction Machine Learning Qutput
Network
> 4
Input Deep Learning Network Output

Figure 2.2: Conceptual difference between classical Machine Learning and Deep
Learning pipelines

A neural network (NN) is a model composed of interconnected nodes called
neurons, organized in layers. Each neuron performs a linear combination of its
inputs followed by a non-linear transformation, known as the activation function.
Formally, the output of a neuron can be expressed as:

y= f(w'x +0) (2.1)

where x denotes the input vector, w the node weights, b a bias term, and f(-)
a nonlinear activation function. Nonlinearity is a fundamental component of
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neural networks, as it enables the model to approximate complex, non-linear
relationships in data. Common activation functions include the sigmoid function
and the Rectified Linear Unit (ReLU), defined as f(z) = max(0,z). Neurons are
arranged in multiple layers, starting from an input layer, passing to one or more
hidden layers and finishing with the output layer, which produces the final data
representation or prediction of the model. By stacking multiple layers, neural
networks are able to learn increasingly abstract representations of the input data.
The main characteristics of a neural network can be observed in Figure 2.3, where
the three-layers example is a fully connected neural network, as every neuron
receives inputs from all neurons of the precedent layer.

Input Input
Weights Activation function

X2—>
l Xh/ Node

Hidden

Output

Figure 2.3: Neural Network architecture

Training a neural network consists in optimizing the parameters of all neurons
in order to minimize a loss function that measures the discrepancy between the
network output and the ground-truth target. This optimization is commonly
performed using backpropagation, an efficient algorithm that computes gradients
of the loss function with respect to all parameters by applying the chain rule of
derivatives. Once the gradients are computed, the node parameters are properly
updated. A key hyperparameter in this process is the learning rate, which controls
the magnitude of parameter updates. A learning rate that is too large may lead to
unstable training dynamics or divergence, while a learning rate that is too small
can result in slow convergence and increased computational cost.

Although the first ideas related to neural networks were already developing in
the mid-20th century [8], the spread of these models is more recent, because of
the increased computational resources and the availability of large-scale datasets,
which are strictly necessary with highly parametrized models as these kinds.

While neural networks are powerful function approximators capable of capturing
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complex patterns, this expressive capacity often results in a large number of trainable
parameters. When dealing with high-dimensional and structured data, such as
images, this motivates the use of specialized neural network architectures, like
convolutional neural networks, which reduce significantly the number of trainable
parameters.

2.1.3 Convolutional Neural Networks and feature extrac-
tion

Convolutional neural networks (CNNs) are a specific class of neural network
architectures that make use of convolutional filters (or kernels) to exploit the
structure of the input data, while reducing the number of trainable parameters.
They are particularly suitable for data with a locality property, such as time series,
texts and images.

The main advantage of CNNs lies in their use of local connectivity and weight
sharing. Each filter is applied only to a local region of the input and has a fixed
set of weights that is shared across the entire input. By sliding over the input data,
the filter produces an output feature map, significantly reducing the number of
parameters compared to fully connected architectures. As a result, convolutional
neural networks are able to recognize visual patterns independently of their spatial
location. This property is particularly relevant for ultrasound imaging, where
anatomical structures may appear at different positions across samples. In the case
of images, convolutional filters are two-dimensional; an example of a 3 x 3 filter
applied to an image is shown in Figure 2.4.

Figure 2.4: Example of two dimensional convolution

Each convolutional filter is designed to capture a specific type of local feature.
For this reason, multiple filters are usually applied within the same convolutional
layer, allowing the network to extract different features in parallel and produce
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multiple output feature maps. A typical convolutional neural network is composed
of several convolutional layers that progressively extract higher-level features from
the input data, together with other types of layers. Pooling layers are often used
to downsample and aggregate information, while normalization layers can improve
training stability. Fully connected layers are usually placed at the end of the
network to produce the final classification. An example of a CNN architecture is
shown in Figure 2.5, where the model is used to classify the content of an image.

Convolution Neural Network (CNN)

Input Output
Pooling Pooling Pooling
Horse
Zebra
Dog
SoftMax
Convolution Convolution  Convolution ?ﬁtrl\\?tit:ﬁ]n
Kernel ReLU RelU ReLU Flatten
Layer
L Fully
Feature Maps——————————————— Connected———
Layer
N [
Feature Extraction Classification Probabilistic

Distribution

Figure 2.5: Example of the architecture of a convolutional neural network

Convolutional neural networks are therefore particularly effective for feature
extraction from images. In this project, CNNs are extensively used to generate
embeddings, defined as compact feature vectors representing each image, which
are subsequently provided as input to the classification models. These embeddings
constitute the instance-level representations used in the Multiple Instance Learning
framework described in the next section.

2.2 Multiple Instance Learning (MIL)

In order to effectively exploit the characteristics of the considered ultrasound
dataset, it is necessary to adopt a weakly supervised learning paradigm that
takes into account the reduced availability of annotations. In standard supervised
learning, the dataset consists of pairs of input instances and their corresponding
labels, meaning that each individual sample is fully annotated. In contrast, weakly
supervised learning refers to settings in which complete and precise annotations
are not available, and the model must learn from partially labeled, imprecise, or
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coarse-grained supervision.

This scenario is particularly common in medical applications: obtaining detailed
annotations often requires expert knowledge and considerable time, making large-
scale instance-level labeling impractical. As a consequence, many medical datasets
are available only with patient-level labels, while fine-grained annotations at the
level of individual images or regions are missing.

Multiple Instance Learning (MIL) addresses this type of problem by considering
training data organized into sets of instances, called bags, for which only bag
labels are provided, whereas individual instance labels remain unknown. In the
following sections, the MIL paradigm is formally introduced, and its definitions,
assumptions, and main methodological approaches are presented, as it constitutes
the core framework of this thesis.

2.2.1 Problem formulation

In a Multiple Instance Learning problem instances are grouped into bags and only
bag labels are available. Bags can contain different numbers of instances and single
item labels are unknown. The goal of the model is to learn a mapping function
that assigns labels to the corresponding test bags or instances. Figure 2.6 shows
in a schematic way the difference between standard supervised learning, which
is the Single Instance Single Label (SISL) case, and Multiple Instance Learning.
The color of each instance represents its label, and as the example is a binary
classification problem, it can either be positive or negative. In the SISL case each
instance has its own label, whereas in MIL there is one single label per bag.

This learning paradigm was first applied to drug activity prediction [10], where
the objective was to predict a molecular binding to a receptor. The molecular
structure of the problem can have several conformations and if it contains at
least one conformation that is low-energy then it can bind to the receptor and
be considered as active. This problem configuration immediately reflects a MIL
problem, as each structure conformation that the molecule assumes corresponds to
an instance whose label is unknown; instead at the bag level the label is known,
as one can observe whether the molecule is active or not. MIL paradigm can be
applied also in many other contexts, like in the medical one. In this field, it is
particularly used for pathology slides, also called Whole Slide Images (WSI), which
are high-resolution slides of tissue samples from virtual microscope, often used in
digital pathology. As they are highly detailed, a fine-grained annotation is often
not available and a MIL-based approach could address this issue.
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Figure 2.6: Difference between a SISL problem and a MIL problem from [9]

MIL assumptions for bag-level classification

Considering a general MIL problem of binary classification: the dataset consists
of n bags and corresponding labels: B = {(B1, V1), (B2, Y2), ..., (Bn, Ya)}, where
cach bag is composed of a set of instances: B; = {x; 1,2, ..., Tin, } with unknown
instance labels Y; = {vi1,¥i2, .-, Yin; }» €ach of them can be either equal to 1,
indicating a positive instance or 0 as a negative one. The Standard Assumption
states that a bag is labeled as positive if it contains at least one positive instance,
otherwise, if it only contains negative instances, it is labeled as negative:

¥, — {1, %f Jyi;eYiiy; =1 (2.2)

0, ifVy,; €Yy, =0

The majority of MIL problems, like the already seen of drug activity prediction,
are based on this assumption.

However, there exist also other more generic collective non-standard assumptions
that for example can consider the case of needing more than one positive instance to
classify a bag as positive. An even more general collective non-standard assumption
involves the assignment of concepts to each instance. Given a set of concepts C,
where a subset of them belong to the positive class (C. C C), a bag is classified as
positive if its instances contain at least a specific number of times a positive concept.
A simple example that clarifies this kind of assumption is provided in [11]. The
problem considered is classifying images with desert, sea or beach. Desert images
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contain sand segments, sea images contain water segments, and beach images
contain both sand and water segments. To classify an image as a beach, the model
must verify the presence of both segments. In this case the standard assumption
couldn’t work, instead a collective non-standard one that includes concepts is the
optimal way to deal with this type of problem.

Classification level

Classification in MIL can be performed at two different levels: at the bag or at
the instance level. Even though bag classification is the most common case, one
could be interested also in classifying single instances individually. As instance
labels are not available during training, different methods and algorithms are suited
for the two classification levels. Importantly, also the loss function is different
and misclassifications could have different impact. In fact, when the objective is
classifying bags, if a bag is positive and some positive instances are misclassified
as negative, this doesn’t lead to any change in the bag label, if there is still at
least one positive instance, under the standard assumption. On the contrary, if
this happens in the instance-level classification case, each misclassification affects
the loss function. For this reason usually accuracy for instance-level classification
is lower.

2.2.2 Types of MIL methods

There are different types of MIL methods which can be grouped in three categories:
instance-space methods, bag-space methods and embedding-space methods, based
on how they treat the information collected from the dataset, as described in MIL
review [12].

e In instance-space methods learning happens at the instance level. First
the model learns how to predict instance labels and then those labels are
aggregated according to the multiple instance assumption to give a prediction
for the whole bag.

« Bag-space methods consider the bag as a whole and train the model for
bag-level classification through traditional supervised learning techniques,
usually evaluating a distance or a dissimilarity measure in the bag-space.

« Embedding-space methods consider instance embeddings, the feature
vector representation of the bag items. The model aggregates them into a
unique bag embedding, that captures the bag-level information which is then
classified through traditional supervised algorithms.
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2.2.3 MIL procedure steps applied to this project

The selection of Multiple Instance Learning (MIL) models to be adapted and
applied in this thesis was guided by the specific characteristics of the addressed
problem, including the structure of the dataset and the clinical objective of the
task. In this project, the task is formulated as a binary classification problem,
where each clinical case must be classified as either benign (negative class) or
malignant (positive class). The ultimate goal of the proposed models is to support
the differential diagnosis at the patient level.

From a MIL perspective, this corresponds to predicting bag-level labels, where
each bag represents a clinical case composed of multiple instances, such as ultrasound
images or video frames. Instance-level ground-truth annotations are not available.
Instead, only a global label is provided for each bag, assigned by expert clinicians.
In particular, a clinical case is labelled as malignant if at least one instance within
the bag contains a malignant tumor, whereas it is labelled as benign if no malignant
tumor is observed in any instance. This setting directly follows the Standard MIL
assumption, which states that a bag is positive if it contains at least one positive
instance and negative otherwise.

Another important characteristic of the dataset is that it is composed of images
and videos. As discussed in Section 2.1.3, Convolutional Neural Networks (CNNs)
represent an effective solution for extracting discriminative visual features from
such data. In the adopted MIL framework, each instance is first processed by
a CNN-based feature extractor, producing a corresponding embedding. These
instance embeddings are then aggregated through a MIL pooling mechanism based
on embedding-space methods, which combine the information from all instances into
a single bag-level representation. This global embedding is subsequently provided
as input to a supervised classifier that outputs the final diagnostic prediction. A
schematic overview of this pipeline is illustrated in Figure 2.7.

Since the application domain of this work is medical decision support, an
additional desirable property of the considered models is interpretability. In
particular, it is beneficial for clinical support that the model provides a measure
of the contribution of each instance to the final prediction. Such information can
help clinicians identify the most diagnostically relevant frames or images within a
clinical case, thereby increasing trust in the automated system and facilitating its
integration into clinical workflows.

In summary, the main requirements for a MIL model suitable for this project
can be outlined as follows:

o the capability to perform bag-level binary classification;
o compatibility with the Standard MIL assumption;

» the adoption of a deep learning framework combining feature extraction and
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Figure 2.7: Scheme of the procedure steps of a MIL problem from [9]

aggregation;
o the use of embedding-space MIL pooling strategies;

» the provision, when possible, of interpretable outputs describing instance
relevance.

Before presenting in detail the MIL architectures selected for this study, the next
section briefly introduces the baseline model, which was chosen based on the current
state of the art in deep learning approaches for the analysis of ultrasound datasets
in ovarian tumor diagnosis.

2.3 Related work and baseline models

As ultrasound examination represents the most common, low—cost and non-invasive
imaging modality for the diagnosis of ovarian tumors, several studies have already
investigated the application of machine learning and deep learning methods for
the automatic classification of ovarian lesions from ultrasound images. A recent
meta-analysis [2] reviews multiple approaches differing in model architecture and
experimental design but sharing the common objective of predicting a diagnosis.
To identify suitable baseline approaches for this project, we focused on studies
employing deep convolutional neural networks. A key aspect emerging from the
analysis of these works concerns the granularity of the available annotations. In
clinical practice, the ground-truth diagnosis is established at the level of the clinical
case (i.e., patient or lesion). However, deep learning models are commonly trained
at the level of single ultrasound images. Therefore, particular attention was given
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in understanding how each of these studies, that implement standard supervised
models, addressed this mismatch.

Christiansen et al. [13] proposed an ensemble of pretrained convolutional neural
networks (VGG16, MobileNet and ResNet50) to classify ovarian tumors. Each
lesion was represented by a small set of manually selected representative ultrasound
images. During training, the clinical case label was assigned to each image, and
predictions obtained at image level were subsequently combined to produce a single
patient-level probability of malignancy.

A similar supervision strategy was adopted by Gao et al. [14], who trained a
DenseNet121 model on a very large dataset. In this case, each clinical case was
associated with a larger number of images, and the case label was again propagated
to all instances during training. Because of the higher number of items belonging to
each patient not selected by experts, in this case noisier item labels were expected.
The final patient-level prediction was obtained by aggregating the image-level
probabilities through a weighted average, assigning greater importance to images
considered more suspicious by the model.

Wang et al. [15] investigated both binary and three-class classification settings
considering also borderline cases and using several standard convolutional architec-
tures. In this case they used a smaller dataset with one or at most two images per
clinical case and a label was provided for each image. Classification was performed
at the item-level, which in the majority of cases corresponded also to the patient
level, avoiding the mismatch problem. Jung et al. [16] extended the classification
task to five tumor categories and explored the use of convolutional autoencoders to
reduce visual and irrelevant annotations in the images, like the presence of calipers.
Also in this case labels were available at the image level and there was no problem
related to different label granularity.

Overall, these studies do not explicitly address the mismatch between the
availability of annotations at clinical-case level and the instance-level supervision
required by standard deep learning models. Instead, the first two cases rely on a label
propagation strategy, whereby each image inherits the diagnosis of the corresponding
patient. Image-level predictions are subsequently aggregated, typically through
simple or weighted averaging, to obtain a final case-level prediction. In many
datasets, this approach is facilitated by the prior selection of diagnostically relevant
images by expert clinicians, which partially mitigates the noise introduced by label
propagation. In the last two cases instead, this problem of granularity mismatch
does not even apply, as single item labels are provided and image classification is
performed.

In the next section, we introduce four Multiple Instance Learning based mod-
els specifically designed to handle this type of weak supervision. In particular,
they provide a way to learn directly from case-level labels without requiring ex-
plicit instance-level annotations, making them particularly suitable for the clinical
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scenario considered in this thesis.

2.4 MIL models

In recent years many deep learning models have been specifically developed to
address MIL problems, providing aggregation methods compatible to the neural
network environment and more complex than the basic average or maximum
selection. The majority of these models have been developed independently and
then tested on datasets of Whole Slide Images, which is the most common context
where MIL models are applied. In [17] first developed deep MIL models as long as
most recent ones are briefly reviewed. Starting from this analysis, four models have
been selected and adapted to the dataset and the goal this project is pursuing.

This section provides a theoretical presentation of these four Multiple Instance
Learning based models that have increasing complexity and different internal
assumptions, starting from the simpler attention based MIL, which provides the
attention layer as aggregation method, going on to the dual-stream based MIL as
a middle way between ABMIL and next architecture, TransMIL, which uses the
self-attention mechanism of transformers. Last model is based on Graph Neural
Networks (GNNs) and presents consistently different architecture and assumptions
with respect to the previous ones. In next chapter instead, it will be explained
better how the original implementation of these models were adapted to our specific
setting.

2.4.1 Attention Based MIL (ABMIL)

Ilse et al. in [18] provided what is now regarded as a sort of baseline for deep
MIL problems. They presented an aggregation method, the attention mechanism,
particularly suitable for deep learning models that contributes in increasing the
model flexibility and interpretability.

Attention Based MIL pooling consists in a trainable weighted average of the
instance embeddings, where the weights are given by a two-layered neural network,
the attention mechanism. More in details, let H = {hy, ..., h;} be a bag containing
k instance embeddings, given as outputs by the feature extractor, each of them a
vector h; € RM. The aggregation to a single bag embedding is obtained through:

k k
z=>_ woh; with a; > 0Vi, Y a;=1 (2.3)
=1 =1

The attention weights are obtained through the expression:
exp{w”tanh(Vh)}
o; =
¥, exp{wTtanh(Vh])}
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where w € R¥! and V € R¥*M are trainable parameters, L is the attention
dimension and is an hyperparameter of the model and the hyperbolic tangent
is used as activation function. They also proposed a variation to the attention
pooling, the gated attention pooling, by adding another layer of non-linearity in
order to improve gradient flow in the network. In this case the attention weights
are computed through the formula:

_ exp{w”(tanh(Vh]) © sigm(Uh))}
B Z?Zl exp{wT(tanh(thT) ©) Sigm(Uh]T))}

(2.5)

i

where U € REXM are other trainable parameters, sigm() is the sigmoid function
and © is the element-wise product.

Interpretability The attention pooling is a permutation-invariant transformation
that assumes that instances in the same bag are independent. Through the trainable
weights, also called attention scores, this aggregation method is able to provide an
index of interpretability, as long as the actual label prediction. In fact, in each bag,
instances with highest attention scores are the ones that give higher contribution
to the bag prediction, thus they are the ones that should be the most relevant
for the patient diagnosis. For example, in the case of a positive bag instances
with highest weights are expected to be the positive ones that trigger the bag
label to positive. This interpretation measure makes this model very appealing
in the medical context, where it is very important to give clinicians a tool for
interpretation together with the prediction. In the case of video frames for example,
highest score instances could be interpreted as the interval of interest (I0I).

Flexibility Another important aspect of this approach is that attention pooling is
differentiable and obtained through neural network layers. If also feature extraction
and classification are obtained through /A modules, this implies that the whole
procedure is differentiable and could be trained end-to-end by backpropagation with
a unique neural network that combines the three tasks and make the whole approach
very flexible. Figure 2.8 summarizes the procedure of the ABMIL approach, where
instance embeddings are first obtained through a neural network that works as
feature extractor; then attention pooling is performed, where attention weights
are updated and multiplied by the corresponding instances to produce the bag
embedding. Last a classifier is applied to obtain the final bag label.

2.4.2 Dual-stream MIL (DSMIL)

The second considered model was developed in paper [19] and consists in a particular
MIL aggregator composed of a two-stream architecture that jointly learns both an
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Figure 2.8: Schematic explanation of how ABMIL model works from [9]

instance and a bag classifier based on a distance measurement. The first stream
apply a max-pooling aggregation to the instance scores, to identify the one with
highest score, called the critical instance. The second stream attributes an
attention score to each instance by evaluating the pairwise distance between every
instance and the critical one and perform then a weighted sum. This provides
a unique bag embedding, that is then given to a classifier and summed to the
prediction of the critical instance to obtain the final model prediction.

DSMIL aggregator

More in details, the first stream applies an instance classifier to the instance
embeddings and aggregate them through max-pooling. Let B be the bag we are
considering, H = {hy, ..., h;} its instance embeddings and W, trainable parameters
that produce a classification score. The final score of the first stream is given by:

Cm(B) = maX{Wohl, ceny WOhk} (26)

where m is the index of the instance with highest score, the critical instance.

The second stream takes every instance embedding and transforms them into
two vectors, q € RM and v € R (referred to as query and information) through
the trainable matrix weights W, and W,;:

Distances are then evaluated between each instance query vector and the one from
the critical instance, using the following distance measure:

exp({d;, Am))
Z?:l exp((a;, am))
22
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where (-, -) stands for the inner product between two vectors. The bag embedding
b is obtained through the sum of the information vector of each instance weighted
by its distance to the critical instance:

=1

The distance U has actually the meaning of a similarity measure as the more
the instance is similar to the critical one and the higher its value becomes. This
measure can actually correspond to an attention weight, as it directly evaluate the
amount of contribution that the instance provides to the bag embedding. The bag
score coming from the second stream is:

c(B) = Wb (2.10)

where W,, is another trainable matrix of weights. The final bag score is given by
the average of the scores coming from the two streams:

1

o(B) =5 (cm(B) + cb(B)> (2.11)

Figure 2.9 shows a schematic representation of MIL aggregator of DSMIL model.
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Figure 2.9: MIL aggregator of DSMIL from [19]

An important aspect that marks a difference from the ABMIL is that DSMIL
model does not consider instances in the same bag to be independent; instead
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it measures correlations of each instance with respect to the most relevant one.
Furthermore, the additional layer of v; allows to select intra-instance features,
meaning the most discriminative features in an instance; while the distance measure
applies an inter-instance selection, evaluating which are the most informative
instances in the bag for the bag prediction.

2.4.3 Transformer-based MIL (TransMIL)

The third considered model was proposed by Shao et al. in [20] and consists of a
Transformer-based MIL architecture, referred to as TransMIL. In many medical
imaging scenarios, instances can be spatially and semantically correlated. In
ultrasound imaging, for example, images belonging to the same clinical case usually
show the same lesion or anatomical region, possibly from different viewpoints.
TransMIL was originally designed with the aim of capturing both morphological
information at instance level and spatial correlations across instances.

Differently from ABMIL and DSMIL, TransMIL employs a self-attention mech-
anism that explicitly models pairwise interactions between instances in the same
bag, as schematically illustrated in Figure 2.10. This allows the aggregation process
to be driven not only by the relevance of individual instances, but also by their
mutual relationships.
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(a) MIL Attention Mechanism (b) Self-attention Mechanism

Figure 2.10: Difference between MIL attention mechanism and self-attention
used in TransMIL [20]

TransMIL follows a two-stage MIL pipeline. First, instance-level features are
extracted using a CNN backbone, similarly to the other considered architectures.
In the original implementation a ResNet model was adopted, although in principle
different feature extractors can be employed, provided that they produce a set of
fixed-length instance embeddings.
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The Transformer-based aggregation is performed through the so-called TPT

module, composed of two Multi-Head Self-Attention layers separated by a Pyramid
Position Encoding Generator (PPEG). The overall architecture is shown in Figure
2.11. The main processing steps can be summarized as follows:

1. Sequence squaring: Instance embeddings within each bag are padded and

rearranged to form a squared 2D grid, enabling the application of spatial
positional encoding.

. First self-attention layer: Multi-head self-attention models global correla-
tions among instances according to

Attention(Q, K, V') = softma (QKT> V.
ntion(Q, K, V') = softmax .
Vi

. Pyramid Position Encoding Generator (PPEG): Tokens are reshaped
into a spatial layout and processed using convolutions with different kernel
sizes. This step injects conditional spatial information and enriches each
embedding with local contextual features.

. Second self-attention layer: Further refines instance interactions after
spatial information has been incorporated.

. Bag-level prediction: The class token representation is fed to a Multi-Layer
Perceptron (MLP) to obtain the final bag label.

Pretrained Squaring [:] class token D feature token D first M feature tokens
ResNet50

Multi-head Multi-head
Self-attention Self-attention

class

PeoH d TN

Figure 2.11: Overview of TransMIL model from [20]

TransMIL relies on assumptions that distinguish it from both ABMIL and

DSMIL. In particular, it explicitly assumes that instances within a bag are not
independent, but may exhibit spatial or semantic correlations. Modeling such
dependencies can improve the representation of the overall clinical case. Compared
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to standard attention-based MIL methods, TransMIL therefore shifts the focus
from instance weighting to instance interaction modeling.

This characteristic is especially relevant when dealing with video data or multi-
view image acquisitions, where frames are temporally or spatially related and
diagnostic information may emerge from their combined interpretation rather than
from isolated observations. In this sense, TransMIL can be considered a structured
and correlation-aware extension of classical MIL aggregation strategies.

2.4.4 Graph neural networks for MIL

The last model considered in this project is based on a different neural architecture:
the graph neural network (GNN) . Unlike standard feed-forward or convolutional
networks, a GNN operates on graph-structured data. At each layer, node represen-
tations are updated by aggregating information from their neighbors, allowing the
model to explicitly exploit relationships between entities. GNNs can be used for
node-level tasks (e.g., node classification), edge-level tasks (e.g., link prediction),
and graph-level tasks (e.g., graph classification). Their key strength lies in their
ability to learn expressive representations that incorporate both node features and
the relational structure encoded by the edges.

In a multiple instance learning (MIL) setting, each bag consists in a set of
(correlated) instances. By converting each bag into a graph, instances become
nodes and edges model pairwise relationships. This approach generalizes classical
MIL pooling mechanisms by explicitly modeling dependencies among instances and
use them to perform the aggregation. Before describing how GNNs are adapted to
MIL, we briefly review their general formulation.

Graph Neural Networks (GNNs)

A graph is defined as G = (V, E), where V is the set of nodes and E CV x V is
the set of edges. In the graph neural network setting, each node ¢ € V' is associated
with a feature vector h; € R?. Collecting all node features yields the matrix of
all nodes feature vectors X € R**¢ where k = |V|. The core mechanism of most
modern GNNs is message passing, also known as neighborhood aggregation. At
) and updated according to:

)

h®) = ®) (hg’“‘”, D ¢<k>(h§’“‘“,h§.’“‘”,eﬂ)> (2.12)
JEN (i)

layer k, the representation of node 7 is denoted as h

where:
« N(i) denotes the neighborhood of node i,

o @ is a permutation-invariant aggregation operator (e.g., sum, mean, or max),
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o ¢ is a function that computes messages from neighbors,
« ) is a function that updates the node state.

The permutation invariance of € ensures that the model is invariant to node order-
ing, which is crucial since graphs are unordered structures. By stacking multiple
layers that compute this operation, nodes gather information from progressively
larger neighborhoods, learning both local and global graph structure. If the goal
of the model is a graph-level prediction, then graph convolutional layers like 2.12
are combined with pooling and readout layers, that respectively coarsen the graph
into a smaller substructure and aggregate node representation into a single graph
embedding. Figure 2.12 shows in (a) the case of a GNN composed only of graph
convolutional layers (referred to as Geonv) that has the goal of extracting the graph
hidden representation; instead in (b) is the case where the goal of the GNN is graph
classification, so the network combines Gconv layers, with readout and pooling
layers and a final Multi-Layer Perceptron (MLP) that assigns class probabilities.
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Figure 2.12: Two examples of GNNs with different goals from [21]

GNN for Multiple Instance Learning

In the GNN-based MIL framework proposed in [22], they designed a graph neural
network to address a multiple instance learning problem by converting each bag into
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a graph and capturing an expressive bag representation through graph convolutional
layers. The overall pipeline consists of two main stages:

1. Graph building: FEach instance in the bag is considered a graph node. To
define the adjacency matrix and obtain the graph edges, pairwise Euclidean
distances between instance embeddings are computed. The adjacency matrix
is then constructed following;:

1 if d(h;, h;
O (2.13)
’ 0 otherwise

where 7 is a threshold hyperparameter. Depending on the chosen value for
n, graph is denser or sparser: n = 0 produces an edgeless graph (reduc-
ing the model to independent instance processing), whereas n = +oo yields
a fully connected graph. This construction introduces an conceptual bias
because instances that are close in feature space are assumed to be corre-
lated. Alternative strategies (e.g., k-nearest neighbors graphs or learnable
adjacency matrices) could also be considered and may affect performance and
computational complexity.

2. Graph representation learning: Once the graph is constructed, a GNN
embedding network, composed of one or more Graph Convolutional layers,
computes updated node representations:

Z = GNNonpea(X, A), (2.14)

where Z € R¥*? and d’ could be different than d as the feature dimension
could be changed. The number of nodes remains unchanged, but embeddings
are enriched via message passing.

At this stage, each node representation encodes both its own features and contextual
information from related instances within the bag, but the number of graph
nodes is unchanged. To obtain a single bag-level embedding, the framework
adopts the differentiable pooling (DiffPool) algorithm from [23]. DiffPool
learns a hierarchical clustering of nodes and generates coarsened graphs in a fully
differentiable way. This algorithm consists in two operations:

1. Assignment matrix: A second GNN, GN N, computes a soft assign-
ment matrix:

S = softmax(GN Naysier(X, A)) (2.15)

where S € R¥*C and C is the fixed number of clusters. Each row of S
represents a probability distribution over clusters for a node.
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2. Soft pooling: From the assignment matrix, a new reduced graph is obtained,
where the new node embeddings and adjacency matrix are computed as:

7' =8"7Z c RY (2.16)

A* = STAS € RY*C (2.17)

The new graph has C nodes, where C is a hyperparameter of the model. The
matrix containing node embeddings Z" is updated aggregating nodes in a way such
that instances with higher probability of belonging to that cluster bring higher
contribution to the embedding of that cluster node. If C is set to 1, then the
coarsened graph has only one node and one feature embedding that corresponds
to the final bag embedding. If C is set to 2 and our task is a binary classification,
the probabilities of the assignment matrix could be interpreted as the probability
of each instance to belong to either one of the two classes and an extra operation
such as max pooling or concatenation is needed to obtain a single feature vector.

Differentiable pooling can also be repeated for more than one time, aggregating
every time the graph in a smaller subgraph. Doing so allows a hierarchical learning
of the correlations between instances of each bag. If C is not set to 1, than
an additional layer of GN N_eq can be applied to have an additional step of
information passing before the final classification.

The Graph Convolutional layer used in [22] is based on GraphSAGE layer from
[24], which performs message passing with the mean as aggregator:
h{" = act(W - MEAN(hY* "V vj € N (i) U {i}) (2.18)

)

where W is a learnable weight matrix and the activation function act is LeakyReL.U,
a popular alternative to ReLU that learns also from negative inputs. GraphSAGE
is inductive, meaning that it can generalize to unseen graphs or bags at test time,
an important property in MIL settings where bags vary in size and structure.

Chapter Summary

This chapter provided the theoretical foundations of Multiple Instance Learning,
reviewing both classical and deep learning-based MIL approaches, with particular
focus on attention-based models, transformer-based architectures, and graph neural
network-based formulations. Each paradigm models relationships among instances
within a bag differently, ranging from independent attention weighting to explicit
relational modeling through graph structures. Having established the theoretical
background and architectural principles of these methods, the next chapter describes
their practical implementation within this work.
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Chapter 3

Materials and Methods

This chapter describes the methodological framework adopted to conduct the ex-
perimental comparison of the Multiple Instance Learning (MIL) models introduced
in Chapter 2. While the previous chapter focused on the theoretical foundations
and architectural principles underlying attention-based, transformer-based, and
graph neural network-based MIL approaches, the present chapter details their
practical implementation in the context of ovarian tumor differential diagnosis from
ultrasound data.

The first part of the chapter focuses on the experimental setup. It begins
with a description of the dataset curation process, including the filtering criteria
applied to obtain the final cohort used in this study. The dataset splitting strategy
is then presented, based on stratified k-fold cross-validation, together with the
preprocessing steps applied to standardize the input images before feature extraction.
Subsequently, the clinical problem is formalized within the Multiple Instance
Learning framework by defining bags and instances in the specific context of the
available ultrasound data. The training protocol adopted for all models is then
described, including the loss function, the optimization strategy, and the main
training parameters such as batch size and number of epochs. The evaluation
metrics used to assess model performance are also introduced, with particular
attention to the metric considered most appropriate for this setting.

The second part of the chapter focuses on the implementation of the considered
architectures. For each model, the main design choices are described together with
the set of hyperparameters explored during the experimental analysis.

Overall, the objective of this chapter is to provide a clear and rigorous description
of the experimental design, ensuring reproducibility and enabling a fair comparison
between the different MIL architectures considered in this work.
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3.1 Dataset Curation

This section describes the composition of the original dataset and the filtering
procedure applied to obtain the final set used in this study.

Original Dataset

The initial dataset consists of clinical cases, each identified by an anonymous code
and associated with a variable number of ultrasound acquisitions, hereafter referred
to as items. An item can be either a static image or a video sequence. The number
of items per clinical case varies and ranges from one to four. For each clinical case,
the following information is provided:

o a risk class, defined as benign, malignant, or borderline;

« a histological diagnosis, specifying the tumor subtype determined by
histopathological examination.

Overall, the original dataset included 493 clinical cases corresponding to 828 items,
subdivided into 598 images and 230 videos.

Filtering Procedure

To formulate a well-defined binary classification task and ensure sufficient rep-
resentation of each class, a filtering procedure was applied at the clinical-case
level. First, borderline cases were excluded. Only benign and malignant cases
were retained, allowing the problem to be formulated as a binary classification task
without introducing ambiguity related to intermediate-risk categories.

Second, a selection based on histological subtype was performed. Rather than
including all tumor types, only sufficiently represented classes and with higher
discriminative features were retained. This choice reduces class heterogeneity
and mitigates extreme data sparsity, which could negatively affect the learning
process. After filtering, the following four histological subtypes were preserved:
endometrioma, cystadenoma fibroma, fibroma and epithelial invasive carcinoma.

Final Dataset Composition

The final curated dataset consists of 352 clinical cases and 567 items. Table 3.1
summarizes the distribution of clinical cases across diagnostic categories, while
Table 3.2 reports the distribution of items. As shown in Table 3.1, the dataset
presents a moderate class imbalance, with benign cases representing 58% of the
cohort and malignant cases 42%. This imbalance is explicitly considered during
dataset splitting and in the selection of evaluation metrics.
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Class Number of cases Percentage
Benign (total) 204 58%
Endometrioma 24 6.8%
Cystadenoma fibroma 135 38.4%
Fibroma 45 12.8%
Malignant (Epithelial invasive) 148 42%
Total 352 100%

Table 3.1: Distribution of clinical cases in the final dataset with associated
percentage

Item type Number of items

Images 408
Videos 159
Total 567

Table 3.2: Distribution of items in the final dataset

The presented dataset was used for training and validation processes. No
additional dataset was available for the testing phase, which for this reason was
not performed. The performances reported in this thesis all refer to the results
obtained on the validation set. The lack of a test set that is never seen during the
optimization process, implies that no strong conclusions on the generalizability of
different models architectures can be derived.

3.2 Dataset splitting and preprocessing

In this section it is reviewed the splitting procedure of the dataset into training and
validation sets, explaining what is the principle of stratified k-fold cross validation.
Then frame extraction and image preprocessing steps are explained.

3.2.1 Splitting Strategy

Model evaluation was performed using k-fold cross-validation to split the dataset
into training and validation sets. In this strategy, the dataset is divided into &
mutually exclusive subsets (folds) of approximately equal size. At each iteration,
k — 1 folds are combined to form the training set, while the remaining fold is used
for validation. This procedure is repeated k times, each time selecting a different
fold as the validation set. Final performance metrics are obtained by averaging
the results across all folds. This method is frequently used when needing splitting
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dataset into training and validation sets, because it provides a less biased estimate
of model performance on unseen data compared to a single train/test split, and it
utilizes all data for both training and validation.

Splitting was performed at the clinical-case level. All items (static images and
extracted frames) associated with a given clinical case were kept within the same
fold. This choice of procedure prevents data leakage, ensuring that no information
from a patient included in the training set appears in the validation set.

Given the moderate class imbalance in the dataset (58% benign and 42%
malignant cases), a stratified k-fold cross-validation strategy was adopted. In
stratified splitting, each fold preserves approximately the same class distribution
as the overall dataset. Consequently, both the training and validation sets in each
fold maintain a similar proportion of benign and malignant cases, ensuring a fair
and stable evaluation across folds. A schematic example of how stratified k-fold
cv is performed in the case of a dataset with three unbalanced classes is shown in
Figure 3.1. In the example k is equal to 4, and red portions correspond to data in
validation set, while blue parts are the ones used for the training.

StratifiedKFold

Testing set
0 EEm Training set

1
2

3

CV iteration

class

Figure 3.1: Example of stratified k-fold cross validation

3.2.2 Frame extraction from videos

Video sequences were converted into images by extracting a fixed number of frames
from each video. Frames were sampled uniformly along the temporal axis to ensure
coverage of the entire sequence while avoiding redundancy due to consecutive
highly similar frames. The number of extracted frames per video is treated as a
hyperparameter and is optimized during model development. This approach allows
videos to be integrated in the dataset in the same way as static images within the
same learning framework. In fact, once having extracted frames, no distinction
is made between these two types of data and possible correlations among frames
coming from the same video can be captured only when training the models.
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3.2.3 Dataset preprocessing

After frame extraction, all items in the dataset correspond to static images and
can therefore be processed using a unified pipeline. Since images originate from
different hospitals and are acquired by different clinicians, they exhibit substantial
variability in spatial resolution and dimensions. A simple preprocessing procedure
was therefore adopted in order to standardize all inputs before feeding them to the
learning models.

The preprocessing pipeline consists of the following steps:

e Resizing. Each image is resized to a square resolution of 256 x 256 pixels.
This dimension is slightly larger than the input size required by the feature
extractor and allows a subsequent cropping operation.

o Center crop. The resized image is centrally cropped to obtain the spatial
resolution required by the feature extractor. In the case of DenseNet121, this
corresponds to 224 x 224 pixels.

e Tensor conversion. Finally, images are converted into numerical tensor
representations suitable for input to deep learning models.

o Normalization. Pixel values are normalized according to the statistics of
the dataset used to pretrain the feature extractor.

This simple preprocessing pipeline does not completely remove all annotations or
non-diagnostic regions that may be present in the images, such as textual overlays
or areas outside the ultrasound acquisition region. Nevertheless, it provides a
consistent and reproducible preparation of the data while keeping the focus of the
study on the comparison of different MIL architectures rather than on advanced
image preprocessing techniques. Future work could further improve this stage by
introducing more specialized preprocessing procedures, such as explicitly isolating
the fan-shaped ultrasound acquisition region or removing textual annotations.
After these operations, all items are represented as homogeneous tensors suitable
for feature extraction. Having defined how raw ultrasound acquisitions are converted
into model-ready inputs, the next step is to formalize how clinical cases and their
associated images are structured within the Multiple Instance Learning framework.

3.3 MIL Problem Formulation

After preprocessing, each clinical case is represented as a set of numerical tensors
representing ultrasound images. This structure can be naturally translated to a
Multiple Instance Learning (MIL) formulation.
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Let D = {(X;,Y;)}Y, denote the dataset composed of N clinical cases. Each

clinical case corresponds to a bag X;, defined as a set of instances:

X = {ffij }ip

where z;; € RF*W*C represents the j-th image associated with the i-th clinical
case, and n; denotes the number of images (instances) available for that case. Due
to the variability in the number of acquisitions per patient, n; is not constant across
the dataset. Each bag B; is associated with a binary label Y; € {0,1}, where ¥; =0
denotes a benign tumor and Y; = 1 denotes a malignant tumor. Importantly, labels
are available only at the bag level, i.e., at the clinical case level. No instance-level
annotations are provided.

Under the standard binary MIL assumption, as already seen in Section 2.2.1, a
bag is labeled as positive, corresponding to a malignant tumor, if at least one of
its instances is positive while it is labeled as negative, corresponding to a benign
tumor, if all its instances are negative. Formally,

v 1 if 37 such that z;; is malignant,
‘ 0 if Vj, x;; is benign.

In the present clinical setting, this assumption is consistent with the diagnostic
process. A tumor is classified as malignant if malignant characteristics are observed
in at least one acquisition. Conversely, a tumor is considered benign only if no
malignant evidence is present across all available images.

3.4 Training Protocol

Having defined training and validation sets in a proper MIL formulation applied to
our clinical setting, we can go more into details with the training steps to learn
the predictive model. First of all, since instance-level labels are not accessible,
the model must implicitly learn to identify discriminative images or frames that
contribute to the overall diagnosis. Therefore, the learning objective consists in
estimating a function

f:B; = [0,1],

that maps each bag to a probability of malignancy. This function depends on some
fixed hyperparameters, such as the learning rate and the batch size, and some
learnable parameters @, that are the weights of the neural network layers, which
are iteratively updated at each training step with the goal of minimizing a loss
function.

35



Materials and Methods

Loss function

The loss function considered for this problem is the Binary Cross Entropy
(BCE), which is typically used for binary classification problems. It is formulated
as following:

1

N > (Vi log(pi) + (1= Y3) - log(1 — p)) (3.1)

=1

E:

where Y; is the ground truth label of bag i, p; is the bag-level probability of the
positive class (malignancy) predicted by the model f and N is the total number of
bags in the training set. If the true label is positive, only the first term of 3.1 affects
the loss function, whereas if Y; = 0 only the second term gives a contribution. The
more different the predicted probability is with respect to the true value, and the
higher contribution that term gives to the whole summation.

Actually, the outputs of the implemented models are logits € R and to convert
them into probabilities, a sigmoid function must be applied to them. This operation
is combined with the evaluation of the loss, by considering the BCE with logits
loss function which takes as input the logits {z1, ..., zx} given by the classifier and
directly computes the sigmoid o(z;) and the loss contribution with 3.1.

Optimizer and learning rate

To minimize the loss function, its gradient with respect to the model parameters is
computed and used to iteratively update the parameters through an optimization
algorithm. In its simplest form, this procedure corresponds to gradient descent,
where parameters are updated by moving in the opposite direction of the gradient.
However, plain gradient descent often suffers from slow convergence, sensitivity to
the choice of learning rate, and instability when training deep neural networks. For
this reason, more advanced optimization strategies are typically adopted.

In this project, the Adam (Adaptive Moment Estimation) optimizer [25] has
been employed. Adam is a first-order optimization method, meaning that it
relies solely on first derivatives of the loss function and does not require second-
order information such as the Hessian matrix. Specifically, Adam maintains two
exponentially decaying moving averages for each parameter: the first moment (the
mean of past gradients) and the second moment (the uncentered variance of past
gradients). The first moment estimate smooths the update direction and reduces
oscillations. The second moment estimate rescales the update by accounting for
the magnitude of past gradients. As a consequence, each parameter is updated
with an individual effective learning rate. Parameters that consistently exhibit
large gradients are automatically assigned smaller step sizes, while parameters with
small or sparse gradients receive relatively larger updates. This adaptive rescaling
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improves numerical stability, accelerates convergence, and reduces the need for
extensive manual tuning of the learning rate.

Algorithm 2 summarizes the complete update procedure. The main hyperpa-
rameters of Adam are the learning rate v, the exponential decay rates ; and
[o controlling the first and second moment estimates, and the small constant e
introduced for numerical stability.

Algorithm 2 Adam algorithm from [25]

Require: v learning rate
Require: 31, 32 € [0,1): Exponential decay rates for the moment estimates
Require: f(6): Stochastic objective loss function with parameters ¢
Require: : 6,: Initial parameter vector
mg < 0 (Initialize 1st moment vector)
vo < 0 (Initialize 2nd moment vector)
t <— 0 (Initialize timestep)
while 6, not converged do
t—t+1
gt < VOf(0;_1) (Get gradients w.r.t. stochastic objective at timestep t)
my < P1-my_1 + (1 — 51) - g: (Update biased first moment estimate)
v < Bo-vi1 + (1 — fB2) - g2 (Update biased second raw moment estimate)
My < my/(1 — L) (Compute bias-corrected first moment estimate)
0, < v /(1 — %) (Compute bias-corrected second raw moment estimate)

0, < 0,1 — ﬁ -1y (Update parameters)

end while
return 6; (Resulting parameters)

In this project the decay rates and the e constant are kept fixed to the default
values: 31 = 0.9,3, = 0.999 and ¢ = 1078, while the learning rate is tuned to
some values v € [107°,1073] to find for each model the value that brings better
performance. In next sections, when analyzing the implementation configuration
of each model, the exact values of learning rates that have been tested for every
case are also given.

Batch size

During training, the dataset is not processed as a whole but it is divided into
smaller subsets called batches. A batch consists of a fixed number of training
samples that are forwarded through the network before computing the loss and
performing a parameter update. This strategy, commonly referred to as mini-
batch training, provides a compromise between full-batch gradient descent, which
is computationally expensive, and stochastic gradient descent, which updates
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parameters after each individual sample and may introduce high variance in the
updates.

The batch size represents the number of samples contained in each batch and
directly influences memory usage, gradient stability, and convergence behavior. In
this work, the batch size was treated as a tunable hyperparameter and empirically
evaluated between the values of 32 and 64, selecting the one that yielded the best
validation performance for each model separately.

Epochs

An epoch corresponds to one complete pass of the entire training dataset through
the network. During a single epoch, all training samples are processed once,
typically divided into multiple mini-batches, and the model parameters are updated
after each batch. Training for multiple epochs allows the network to progressively
update its parameters, as the optimization algorithm iteratively reduces the loss
function across repeated exposures to the data.

The number of epochs is a crucial hyperparameter, as too few epochs may lead to
underfitting, while too many may cause overfitting and unnecessary computational
cost. In this work, a different number of epochs was selected for each model,
depending on its convergence behavior and validation performance. The specific
number adopted for each architecture is reported in the corresponding model
implementation sections.

3.4.1 Overall Training Procedure

Having defined the loss function, optimizer, batch size and number of epochs, the
complete training procedure can be formalized. The objective of the training loop
is to iteratively update the model parameters # so as to minimize the loss function
over the training set.

Given the training dataset Dyain = {(X;, ;) Nuainthe data are divided into
mini-batches of size ny, for a total of N, mini batches. For each epoch the model
processes all batches sequentially and the loop produces a training loss for each
step. For each batch, predictions are computed, the loss is evaluated, gradients
are obtained through backpropagation, and the optimizer updates the parameters
accordingly, given its learning rate. The training loss is accumulated over all batches
and averaged at the end of each epoch to monitor convergence. The final outputs
after all epochs are the updated and optimized parameters of the model and the
training loss as a function of epochs. The overall training loop is summarized in

Algorithm 3.
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Algorithm 3 Training loop

Require: Training set Dy = {(X;, ¥;) Jimein
Require: Batch size n;,, number of epochs n,
Require: Model f(X;0)
Require: Loss function £(Y,Y)
Require: Optimizer with learning rate ~y
for e =1 to n. do
£train <0
for each batch (X;,Y;) C Dyain of size n, do
1) Forward pass: YV; < f(X;;0)
2) Compute batch loss: £; + L(Y;,Y;)
3) Accumulate loss: Liain < Lirain + i
4) Backpropagation: compute Vy¢;
5) Optimizer step: update 6
end for
Etrain — £train/Nb
end for
return Optimized parameters #* and training loss per epoch

3.5 Evaluation Metrics

The model performance is evaluated through several quantitative metrics, that
measure how well the predicted labels match the true ones. The metrics computed
for each model of this project are: accuracy, precision, recall (sensitivity), specificity,
Fl-score and area under the ROC curve (AUC). Each of them is a single value that
can be computed at the end of each epoch. Therefore, during training, they can be
tracked as functions of the epoch to observe how performance evolves as the model
parameters are updated. In general, higher values indicate better performance,
although the interpretation of each metric depends on the clinical context and
on the class distribution. In this section a proper definition for each previously
mentioned metric is provided, with later some considerations on which is the most
informative one for the specific task of differential diagnosis treated in this project.

3.5.1 Metrics definitions

Let Y; be the true label corresponding to bag X, and Y; the label predicted by
the model, for i € {1,..., N}. In the binary classification setting considered in this
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work (benign vs malignant), we define:

TP=#{(Y =1)A(Y =1)}
TN = #{(Y =0) A (Y =0)}
FP=#{Y =0)A (Y =1)}
FN=#{(Y =) A (Y =0)}

where the meaning is:

o TP (True Positives): number of malignant cases correctly predicted as
malignant

o TN (True Negatives): number of benign cases correctly predicted as benign

o FP (False Positives): number of benign cases incorrectly predicted as
malignant

« FN (False Negatives): number of malignant cases incorrectly predicted as
benign

Starting from these quantities it is possible to define all the metrics evaluated for
each model.

Accuracy

Accuracy computes the overall fraction of correctly predicted bags, considering
both negative and positive classes:

TP+ TN
Acc = 2
“CTTPITNLFP+FN (3.2)

It provides a global view of model performance but does not distinguish between
the two classes.

Precision

Precision computes the fraction of correctly predicted positive labels over all

predicted positive labels.

TP
P = — .
T TP FEP (3:3)

It reflects the ability of the classifier to avoid false positives. In the medical context,
high precision means that when the model predicts a malignant lesion, it is likely
to be truly malignant.
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Recall (Sensitivity)

Recall, also called Sensitivity or True Positive Rate (TPR), measures how many of
the actual positive cases are correctly identified:

TP

Rec = 5 PN

(3.4)

It represents the ability of the classifier to detect malignant cases. In clinical
applications, recall is particularly important because missing a malignant case
(false negative) may have serious consequences.

Specificity

Specificity, also called True Negative Rate (TNR), measures how many of the actual
negative cases are correctly classified:

TN

Specif = TN+ FP

(3.5)

It is the counterpart of recall for the negative class and quantifies the ability of the
model to correctly identify benign cases.

F1-score

The Fl-score is the harmonic mean of precision and recall:

2 Prec - Rec
Ffl=s—=2. —— 3.6
L +$ Prec + Rec (3.6)

Prec

It provides a single metric that balances false positives and false negatives. Because
it combines precision and recall, it is particularly informative when dealing with
imbalanced datasets, where one class is more represented than the other.

AUC

AUC refers to the Area Under the Receiver Operating Characteristic (ROC) Curve.
The ROC curve is obtained by plotting:

 True Positive Rate (TPR) = Recall

o False Positive Rate (FPR) = % =1 — Speci ficity

for different decision thresholds. When applying the model to one sample, it
outputs a probability p for the positive class. To obtain a binary prediction, this
probability is compared to a decision threshold. In standard practice, the threshold
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is set to 0.5: if p > 0.5, the sample is classified as positive otherwise, it is classified
as negative. However, the threshold can be varied to trade off recall and specificity.
The ROC curve visualizes this trade-off over all possible thresholds.

The area under this curve (AUC) summarizes the overall discriminative ability
of the model. The larger the area is, the higher also the ability is, with the two
extremes as:

o AUC = 1 indicates perfect discrimination,
o AUC = 0.5 corresponds to random guessing.

Unlike accuracy or Fl-score, AUC is threshold-independent and evaluates how well
the model ranks positive samples higher than negative ones.

3.5.2 Choice of the Primary Metric

To compare different architectures and select the best-performing model, all the
metrics are analyzed, but the Fl-score is used as the primary metric. This choice
is motivated by the class imbalance present in the dataset, where benign cases
are more frequent than malignant ones. In such situations, accuracy alone can be
misleading. In a general example, if 95% of the samples are benign and the model
always predicts “benign”, it would achieve 95% accuracy while completely failing
to detect malignant cases. In medical diagnosis, correctly identifying the minority
class (malignant lesions in our case) is crucial. The F1-score, by combining precision
and recall, provides a more balanced and informative evaluation of performance in
this scenario. It ensures that the model does not achieve good results simply by
favoring the majority class.

Although the Fl-score is used as the primary metric for model comparison,
it is not considered alone. In practice, the validation loss is monitored together
with the Fl-score to select the best-performing model. A model may achieve a
high Fl-score at a certain epoch while already starting to overfit the training data,
which is typically reflected by an increasing validation loss. For this reason, model
selection is based on the joint observation of validation loss and F1-score trends
across epochs, favoring configurations that achieve high F1-score without showing
clear signs of overfitting.

3.5.3 Validation loop

Performance metrics are evaluated in the validation phase, which is performed at
the end of each training epoch. More precisely, for each epoch first the model is
trained over all batches in the training set; then it is evaluated on the validation set.
For each validation batch, predicted probabilities are provided by the application of

42



Materials and Methods

the model to the validation batch, then the batch loss is computed and accumulated.
At the end of the loop, the validation loss is averaged over all validation batches and
all evaluation metrics (Accuracy, Precision, Recall, Specificity, F1-score, AUC) are
computed over the entire validation set. Binary predictions for metric computation
are obtained using a decision threshold equal to 0.5, while AUC is computed using
the raw predicted probabilities. This procedure is summarized in Algorithm 4.

Algorithm 4 Validation loop

Require: Validation set D, = {(X;, Yi)}f\ﬁ’f’
Require: Batch size n,
Require: Model f(X;0) and parameters 6
Require: Loss function £(Y,Y)
‘Cval 0
for each batch (X;,Y;) C D,y of size n, do
1) Forward pass: Y; < f(X;;0)
2) Compute batch loss: ¢; < L(Y;, ;)
3) Accumulate loss: Lyq < Lya + ¥
end for
4) 'Cval <~ 'Cval/Nb
5) Compute metrics: Ace, Prec, Rec, Specif, f1 — score, AUC
return L, and metrics per epoch

3.6 Models Implementation

In this section the implementation of each model is analyzed, starting from super-
vised baseline and then going to the MIL-based architectures. For each model, the
corresponding hyperparameters are listed, both fixed ones and the ones which are
tuned in sweep configurations.

3.6.1 Baseline Model Implementation

Starting from the study on supervised models applied to the differential diagnosis
of ovarian tumors from a dataset of ultrasound items discussed in Section 2.3, a
baseline model has been devised for our case.

The model used is based on a DenseNet121 architecture, where the final classifier
layer, originally designed for ImageNet classification into 1000 classes, is replaced
by a Sequential module composed of:

1. One linear layer with output dimension equal to 256;
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2. One layer normalization, to stabilize the learning procedure;
3. One ReLU activation function;
4. One dropout layer;

5. One final linear layer producing one single output value, corresponding to
the logit for the positive class (malignancy).

This modification allows the network to perform binary classification.

The dropout layer is introduced to reduce overfitting by randomly deactivating
a fraction of neurons during training. The percentage of deactivated neurons is
determined by the dropout rate: if this value is set to 0, the layer has no effect.
This hyperparameter is tuned and optimized during the training process.

Fine Tuning and Freeze Strategy

The initial weights of the model are set to the default pretrained DenseNet121
weights trained on the ImageNet dataset, except for the newly introduced classifier
layers, whose parameters are randomly initialized. During training on the ultrasound
dataset, only a subset of the model parameters is updated. To do so two different
freeze strategies are considered:

o Classifier fine-tuning: all network parameters are frozen except for those of
the classifier module. Only the final layers are updated during training.

« Last block fine-tuning: in addition to the classifier module, the parameters
of the last dense block (the fourth one) are also updated.

As described in the original paper implementation of DenseNet architectures [26],
each dense block is composed of multiple dense layers. In particular, the fourth block
contains 16 dense layers, and each dense layer includes two convolutional layers with
ReLU activations and two batch normalization layers. Updating this additional
block significantly increases the number of trainable parameters and therefore the
computational complexity. On the other hand, fine-tuning a larger portion of
the network may allow better adaptation to the target dataset. This aspect is
particularly relevant in our case, since ultrasound images differ substantially from
the natural images contained in ImageNet. For this reason, both freeze strategies
have been tested and compared.

The optimizations of the fourth dense block and of the classifier module are
handled differently. The dense block starts from pretrained weights that have
already undergone substantial optimization, although on a different dataset. In
contrast, the classifier parameters are randomly initialized and require faster
adaptation. Therefore, different learning rates are used: a smaller learning rate
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for the dense block and a larger one for the classifier, in order to have larger (and
quicker) updates. A fixed ratio between the two is adopted, setting the classifier
learning rate to be ten times higher than the block learning rate:

lrclass =10- lrblock-

In this way, tuning the block learning rate automatically determines the classifier
learning rate and only the block learning rate is treated as a tunable hyperparameter.

Aggregation Method

A key limitation of applying a supervised model in this setting is that labels
are available only at the bag level, while instance-level labels are not provided.
Therefore, an aggregation strategy is required. In this baseline approach, each
instance is assigned the same label as the corresponding bag. After this assignment,
items are treated independently, without explicitly modeling their belonging to a
specific bag. The model is then trained at the instance level by minimizing the loss
computed on individual items. This approach mimics the one used in the supervised
studies reviewed in chapter 2. It simplifies the problem by converting it into a
standard supervised classification task, at the cost of ignoring the multiple-instance
structure of the data.

Hyperparameters configuration

The baseline model has high computational complexity due to the large number of
layers and parameters in DenseNet121. As a consequence, performing an extensive
hyperparameter search was not feasible, since each single training run required
several hours. For this reason, many hyperparameters were kept fixed. Additionally,
the number of folds for cross-validation was set to 3 instead of 5 to reduce the
total number of runs, and the number of training epochs was limited. Table 3.3
reports the hyperparameters sweep configuration, which summarizes both fixed
hyperparameters and the ones that have been tuned.

The hyperparameter search was conducted using grid search, meaning that all
possible combinations of the selected hyperparameters were evaluated by performing
a complete training run for each configuration.

3.6.2 MIL Models Implementation

Each of the four MIL models described in Section 2.4 has been adapted to our dataset
and classification task. Since all of them operate on instance-level embeddings
rather than raw images, a preliminary feature extraction step is required. This
step is common to all MIL models and has been performed once, prior to training
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Baseline hyperparameters

Number of folds 3
Number of epochs 50
Batch size 64
# of extracted frames 16
Freeze strategy [only classifier, also last block]
Block learning rate (1074, 1079
Dropout rate 0, 0.3]

Table 3.3: Hyperparamenter sweep configuration for Baseline model

the aggregation architectures. Another common aspect consists in the padding
strategy that allows to treat bags with different sizes in the same batch and apply
the model uniquely to the entire batch. Other aspects common to all architectures
are the Adam optimizer and the binary classification entropy with logits loss. Some
hyperparameters are common, but are tuned independently like the learning rate
or are fixed differently because of the different model behaviors. In the cases of
MIL models the number of folds for cross validation is kept fixed to 5 and the
number of epochs per run could be very large, because simulations are very quick,
as embeddings are precomputed and not extracted every time from scratch.

After reviewing the common choices regarding the feature extractor and the
padding strategy, and after making a small observation about how we treated
attention scores, each of the four models with its own hyperparameters is described
independently.

Feature Extraction

To obtain instance embeddings, a single feature extractor has been used for all
models. It consists of a DenseNet121 architecture pretrained on ImageNet, con-
sistently with the baseline model. In this case, however, the final classifier layer
is replaced by an Identity layer, so that the network outputs the feature vector
produced by the last convolutional block.

The resulting embedding has dimension 1024, corresponding to the output size
of the layer preceding the original classifier. The feature extractor is kept frozen
and is not fine-tuned during MIL training. Feature extraction is performed offline,
separately from the MIL aggregation models. For each bag, embeddings of all its
instances are computed and saved locally as 1024-dimensional tensors. Embeddings
are stored in separate folders depending on the number of frames extracted per
video, with one file per bag. The embedding shape at the bag level is then n; x 1024
where n; is the number of items contained in bag i. During training of the different
MIL models, the precomputed embeddings are loaded and used as input to the
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corresponding aggregation architecture.

Mini-batches and masking

For each model, both the training and validation datasets are processed in mini-
batches. During the forward pass, the model operates on the entire batch simulta-
neously in order to exploit the computational advantages of batch processing. A
challenge arises from the nature of Multiple Instance Learning: bags may contain a
different number of instances. However, tensors within a batch must have consistent
dimensions in order to be processed together.

To address this issue, a masking strategy is adopted. First, all bags in a batch
are padded to match the size of the largest bag in that batch. Padding is performed
by adding fictitious instances so that all bags share the same number of items.
Clearly, these artificial elements must not influence the model’s predictions. For this
reason, each instance is associated with a mask value, which is a binary indicator
specifying whether the instance is real or padded. Real instances are assigned a
value of 1, while padded instances are assigned a value of 0. During the forward
pass, this mask is used to ensure that padded elements are ignored by the model,
preventing them from contributing to the aggregation or attention mechanisms.

Attention Scores

An important observation regarding the first three MIL architectures considered
in this work, ABMIL, DSMIL, and TransMIL, is that they provide attention
mechanisms capable of producing attention scores for individual instances within
each bag. These scores can be interpreted as indicators of the relative importance
of each instance in contributing to the final bag-level prediction, thus providing a
potential source of model interpretability.

However, in the present dataset no labels or annotations are available at the
item level that could be used to assess the reliability of these attention scores. As
a consequence, it is not possible to quantitatively evaluate whether the instances
receiving higher attention weights correspond to clinically relevant images or frames.
For this reason, although the considered architectures internally compute attention
scores, our implementation focuses exclusively on the bag-level predictions and does
not explicitly extract or analyze these scores. Nevertheless, attention scores remain
an interesting direction for future work, particularly if instance-level annotations
become available.

ABMIL Adaptation

For Attention-Based MIL, an attention layer has been implemented following the
formulation proposed in [18]. The main hyperparameter of this layer is the attention
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dimension, which determines the hidden dimensionality of the trainable parameters
w and V. Additionally, the activation function used inside the attention mechanism
is not restricted to the standard hyperbolic tangent proposed in the original work.
Other commonly used activation functions have also been considered, in particular
ReLLU and GeLU activations were tested as long as tanh. GeLU activation function
is defined as GeLU(z) = 2®(x), where ®(z) is the Gaussian cumulative distribution
function, and can be more stable than RelLU because of its differentiability. Last
hyperparameter related to ABMIL architecture is the attention mechanism that
can be implemented either as the standard formulation in Equation 2.4 or as the
gated version described in Equation 2.5.

All these hyperparameters have been tuned in order to identify the configuration
that provides the best performance. In particular, first a sweep has been performed
on the architecture parameters, keeping fixed the other training parameters. After
selecting the best configuration of model parameters, another grid search has been
performed keeping fixed this configuration, while tuning hyperparameters related to
the training process, like batch size, the number of extracted frames per video and
the learning rate. The full configuration explored during the sweep is summarized
in Table 3.4.

ABMIL hyperparameters

Number of epochs 1000
Batch size (32, 64]
# of extracted frames [8, 16, 32, 64, 12§]
Learning rate (1073, 1074, 107°]
Attention dimension (64, 128, 256]
Attention activation [Tanh, ReLU, GeLU]
Type of attention [Standard, Gated|

Table 3.4: Hyperparameter sweep configuration for the ABMIL model

DSMIL Adaptation

The implementation of Dual-Stream MIL follows the original formulation proposed
in [19], with the addition of several configurable components.

o Attention dimension: Similarly to the attention mechanism used in trans-
former architectures, instance features are projected into a lower-dimensional
latent space to produce the query vector q. The information vector v, instead,
remains in the original feature space so that the final bag representation
preserves the same dimensionality as the instance embeddings. Consequently,
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the attention dimension only affects the computation of attention weights,
while the resulting bag embedding remains in the original feature space.

If M denotes the original feature dimension and d the hidden dimension of
the projection, the transformation is obtained through the projection matrix
W, € R*M producing g = W,h € R% The attention dimension d therefore
becomes a tunable hyperparameter of the model.

e Non-linear transformations: Additionally to the original formulation
proposed in [19], an optional introduction of non-linear transformations for
both the query vector q and the information vector v is allowed. When non-
linearity is enabled for q, the vector is computed through a Sequential module
composed of a Linear projection into the attention dimension, followed by a
ReLU activation, a second Linear layer maintaining the same dimensionality,
and a final Tanh activation. When non-linearity is enabled for v, the vector
is computed through a sequence composed of a Dropout layer, followed by a
Linear transformation and a ReLLU activation function.

If these options are disabled, the vectors are computed using the original formu-
lation: q is obtained through a single Linear projection, while v corresponds
directly to the instance embedding (identity mapping).

e Dropout: As described above, the dropout layer is applied only when the
non-linear transformation of vector v is enabled. In this case, the dropout
rate becomes an additional hyperparameter that can be tuned.

The explored hyperparameter configuration is reported in Table 3.5. An initial
grid search was performed by fixing the learning rate to 10~* and training the model
for 500 epochs. After identifying the most promising configuration, a second sweep
was conducted using lower learning rates and increasing the number of training
epochs to 1000. The batch size and the number of extracted frames were kept fixed
to the values that provided the best performance in the ABMIL model.

TransMIL Adaptation

Also in the case of Transformer-based MIL the implementation is extended with
respect to the original formulation proposed in [20], in order to provide a more
flexible implementation.

A first important aspect to clarify is that no masking mechanism is provided to
the model during the forward pass. In the original implementation, the model was
designed for Whole Slide Image (WSI) datasets, where the number of instances
in each bag corresponds to the number of patches extracted from a slide. In that
setting, slides are typically divided into a fixed grid of patches, resulting in bags
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DSMIL hyperparameters

Number of epochs 500
Batch size 64
# of extracted frames 16
Learning rate (1074, 51075, 107°]
Attention dimension (64, 128, 256]
Nonlinear q [True, False]
Nonlinear v [True, False]
Dropout rate [0, 0.1, 0.2, 0.25, 0.5]

Table 3.5: Hyperparameter sweep configuration for the DSMIL model

with the same number of instances. Consequently, the original architecture does
not need to explicitly handle bags of different sizes.

In contrast, in the dataset used in this work the number of instances per bag
may vary, since each bag contains a variable number of items. For this reason, an
adaptation of the architecture was required in order to handle bags with different
sizes. To address this issue, a padding strategy has been introduced. Specifically,
the size of each bag in a mini-batch is matched to the size of the largest bag in
that batch by repeating already existing instances of the smaller bags. In this
way, all bags within the batch reach the same size and can be processed jointly
by the Transformer layers. This strategy allows all instances to contribute to
the model learning process. However, this repetition may introduce a bias in the
attention mechanism, as repeated instances could disproportionately influence the
bag representation, potentially affecting the model’s generalization.

This architecture introduces several hyperparameters specific to Transformer
models, in addition to the standard training parameters shared with the other MIL
approaches.

o Attention dimension: In the followed implementation of TransMIL, instance
features are first projected into a latent embedding space before entering the
Transformer layers. The dimensionality of this space, referred to as the atten-
tion dimension, determines the size of the queries, keys, and values used in the
self-attention mechanism. It therefore corresponds to the internal embedding
dimension of the Transformer and represents a tunable hyperparameter of the
model.

o Transformer layers: The number of Transformer layers can be adjusted to
control the depth of the model. In the architecture illustrated in Figure 2.11,
the layers correspond to blocks composed of layer normalization and multi-head
self-attention mechanisms. At least two layers are required: one applied before
the positional encoding step and one after it. Additional layers can be added
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after the positional encoding stage, increasing the representational capacity of
the model. However, deeper configurations also increase the computational
complexity and may lead to training instability.

o Attention heads: Multi-head attention consists of several parallel self-
attention mechanisms operating on different learned projections of the input
embeddings. Each head can capture different relationships between instances
in the bag, and their outputs are concatenated to form the final representation.
The number of attention heads is therefore another important hyperparameter
explored during the hyperparameter sweep.

o Additional Multi-Layer Perceptron: Another extension to the original
formulation of TransMIL is the option of adding a multi layer perceptron
at the end of each self-attention layer. Enabling the addition of these final
sequence increases the number of trainable parameters, bringing to higher
risks of overfitting, but also constructing a more expressive model. When
this final sequence is enabled also a dropout layer is used and dropout rate
becomes another tunable hyperparameter.

The explored sweep configuration for the TransMIL architecture is reported in
Table 3.6. The number of training epochs was initially set to 100 when using a
learning rate of 1074, since the validation loss tended to overfit rapidly and longer
training did not provide further improvements. When lower learning rates were
considered, the number of epochs was slightly increased to allow the model sufficient
time to converge.

TransMIL hyperparameters

Number of epochs 100
Batch size (32, 64]
# of extracted frames [8, 16, 32, 64, 128]
Learning rate (1074, 51075, 107°]
Attention dimension [128, 256, 512]
# of attention layers 2, 3]
# of attention heads 4, 8]
Enable MLP [True, False]
Dropout Rate (0.1, 0.3, 0.5]

Table 3.6: Hyperparameter sweep configuration for the TransMIL model
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GNN-based MIL Adaptation

For the Graph Neural Network-based MIL approach, three different models of
increasing complexity have been implemented. All models rely on GraphSAGE
layers [24] as graph convolutional operators, while differing in the strategy used
to aggregate node information and obtain the final bag representation. The most
complex architecture among the three follows the clustering strategy proposed in
paper [22] and already analized in Chapter 2.

All models share the same procedure for graph construction. For each bag,
a graph is built by computing the Euclidean distance between the instance em-
beddings and connecting each node to its k nearest neighbors. The parameter k
therefore controls the local connectivity of the graph and is treated as a tunable
hyperparameter. If the value of k exceeds the number of instances in the bag, the
resulting graph becomes fully connected.

The three implemented architectures are described below.

1. Simple GNNN model: The first and simplest model consists of stacking
multiple GraphSAGE layers in order to update the instance embeddings by
aggregating information from their local neighborhoods. The number of graph
convolutional layers is a tunable hyperparameter.

Instance embeddings are projected into a lower-dimensional latent space,
defined by the attention dimension, which represents the size of the node
feature vectors used throughout the graph network. After the sequence of
GraphSAGE layers, the graph still contains the same number of nodes as
the input graph, with only the node feature representations being updated.
To obtain a single bag-level embedding, a global aggregation function is
applied over the node embeddings. Three different aggregation strategies
have been explored: mean pooling, max pooling, and attention-based pooling
using an attention layer. The aggregation method is treated as an additional
hyperparameter.

2. Top-k GNN model: The second model introduces a node selection mecha-
nism that exploits the learned importance of graph nodes. As in the previous
model, a tunable number of GraphSAGE layers is first applied to update the
node embeddings. Subsequently, an importance score is learned for each node,
and only the most relevant nodes are retained. Specifically, the top K nodes
with the highest scores are selected, where K is computed as

K = [ratio- N]

with N representing the number of nodes in the graph and ratio indicating
the fraction of nodes to retain. The parameter ratio is included in the
hyperparameter search.
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After this node selection step, a mean pooling operation is applied to the
remaining nodes in order to obtain the final bag embedding. Mean pooling
was chosen since it provided the best performance in the Simple GNN model.
This architecture represents an intermediate level of complexity, introducing a
learnable node selection mechanism without relying on explicit clustering.

3. Cluster-based GNN model: The third and most complex model follows
the clustering strategy proposed in [22], which employs the differentiable
pooling (DiffPool) algorithm. As described in Section 2.4.4, after the graph
convolutional layers the model learns an assignment matrix that associates
each node with a probability distribution over a set of clusters. Using these
assignment probabilities, nodes are aggregated into a smaller set of cluster
representations, effectively producing a coarsened graph. The key hyperparam-
eter of this model is therefore the number of clusters C' into which the graph
is collapsed. Following the recommendation in [22], the number of clusters
was tuned between 1 and 2.

After the pooling step, an additional GraphSAGE layer is applied in order to
further propagate information within the reduced graph. When C' = 1, the
resulting representation already corresponds to a single bag embedding, which
is directly used for classification. When C' = 2, two cluster embeddings are
produced and the final bag representation is obtained by concatenating the
two vectors.

The hyperparameter sweep configuration explored for the three GNN-based
models is summarized in Table 3.7.

Simple GNN  Top-k GNN Cluster GNN
Epochs 150
Batch size 64
# extracted frames 16
Learning rate 5-107°
Embedding dim [128, 256, 512]
k (nearest n.) 3, 8] 3, 8] 3, 8, 15]
# GSAGE layers 1, 2, 3] 1, 2, 3] 1, 2]
Aggreg. method [mean, max, att.]| mean —
Top-k ratio - (0.2, 0.3, 0.4] -
# clusters - - 1, 2]

Table 3.7: Hyperparameter sweep configuration for the GNN-based MIL models
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3.7 Implementation and Computational Details

All experiments were implemented in Python using the PyTorch deep learning
framework. The ABMIL, DSMIL, and TransMIL architectures were implemented
using the TorchMIL library [27], a framework specifically designed for Multiple
Instance Learning problems that provides modular implementations of several MIL
models. Graph-based models were implemented using the PyTorch Geometric
library [28], which provides efficient tools for constructing and training graph neural
networks.

In order to ensure reproducibility of the results, a fixed seed for randomness
was used across all experiments. Training and evaluation metrics were logged and
monitored using the Weights & Biases (W&B) platform, which allowed systematic
tracking of model performance and hyperparameter configurations throughout the
experimental phase. All experiments were executed on a GPU-based computing
environment to accelerate training. The specific versions of the software libraries
used, together with the hardware configuration and GPU model, are reported
below.

Version
Python 3.11.14
Pytorch 2.9.1
Pytorch Geometric 2.7.0
TorchMIL 1.0.1
W&B 0.23.0
GPU NVIDIA Quadro RTX 5000

Table 3.8: Computational Details

o4



Chapter 4

Results

In this chapter, the quantitative results obtained for each model are presented. For
every architecture, the evolution of the primary metric and the loss function during
training is reported. A comparison between the models is then performed in order to
identify the configuration that achieves the best performance. Particular attention
is devoted to the comparison between Multiple Instance Learning (MIL) models
and the baseline approach, with the aim of evaluating whether MIL can provide
improvements over a standard supervised instance-level classification strategy. The
chapter concludes with a discussion of the results and a final section outlining
possible future research directions.

4.1 Performance on Validation Set

In this section, the evolution of the selected evaluation metrics as a function of the
training epoch is reported for each model. Several hyperparameter configurations
are explored and compared in order to identify the most effective setup. As
discussed in Chapter 3, the Fl-score is adopted as the primary evaluation metric.
After identifying the epoch corresponding to the highest F1-score, a summary table
is provided reporting all the metrics computed at that epoch.

4.1.1 Baseline Results

The baseline model consists of a DenseNet121 architecture that performs both
feature extraction from the raw ultrasound images and binary classification at the
instance level. Since labels are only available at the bag level, the bag label is
propagated to all the instances belonging to the bag and each item is treated as an
independent training sample.
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As described in Chapter 3, the dataset splitting for the baseline model is per-
formed using 3-fold stratified cross-validation. Each hyperparameter configuration
is therefore trained three times, once for each fold. The reported metric curves
correspond to the average values across the folds. The shaded regions represent
the maximum-minimum range observed among the folds and provide an indication
of the variability induced by different dataset splits. Lower variability indicates
that the model is more robust to variations in the training and validation sets.

Baseline Results for three exemplifying configurations

The sweep configuration for the baseline model is presented in Table 3.3. Figure
4.1.1 reports the evolution of the F1-score and validation loss for a reduced set of
the most relevant hyperparameter configurations. Only a subset of configurations
is shown, since plotting all of them would make the figure difficult to interpret.
In particular, the dropout rate is fixed to 0.3 in the reported plots because it
consistently produced the best results. The remaining configurations differ in the
freeze strategy and learning rate values.

From Figure 4.1a, the highest F1-score corresponds to the configuration shown
in green, which trains both the classifier and the last dense block using a block
learning rate of 10~ and a classifier learning rate of 1073. The best Fl-score is
reached at epoch 2, with a value of 0.63. However, the validation loss for this
configuration rapidly increases and shows high variability across folds, as indicated
by the large shaded region in Figure 4.1b. This behavior may suggest that the
model starts to overfit very early during training, or that the supervision signal
derived from propagating bag labels to individual instances introduces noise in the
training process.

Fixing the learning rate and observing at differences between curves green and
blue, the main difference regards the loss, where if training also the last dense block
the resulting validation loss increases earlier, faster and has higher folds variability.
This could be explained by the increasing complexity of the model, that needs to
train a significantly larger amount of parameters. Fixing instead the train strategy
and looking at different learning rates, lower learning rates typically imply more
stable curves for both plots, but no increase in the values of Fl-score, which stays
around 0.6.

Another interesting observation regarding validation losses is that for all three
configurations there is no clear decreasing trend, not even in the first few epochs.
In typical supervised learning scenarios, the validation loss is expected to decrease
at least during the early stages of training. The absence of such behavior may
indicate that the model is not effectively extracting discriminative information
from the input data under the current training setup.

Despite the generally limited performance, the configuration that trains the
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(a) Baseline Fl-score
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Figure 4.1: Examples of Fl-score and validation loss of Baseline model
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last block together with the classifier achieves the highest F1l-score and is there-
fore considered as the reference baseline. Its hyperparameter configuration and
corresponding performance are summarized in Table 4.1.

Metric (epoch 2) Value

Hyperparameter Value Fl-score 0.63
. Val accuracy 0.75
Batch size 64 .
Train accuracy 0.93
Number of frames 16
: ) _3 Recall 0.64
Classifier learning rate 10 ..

. 4 Precision 0.65

Block learning rate 10 o
Specificity 0.80

Freeze strategy Last block

Dropout rate 0.3 AUC 080
P Validation loss 0.64
Training loss 0.19

Table 4.1: Summary of the best baseline hyperparameter configuration and
corresponding performance.

It can be observed that some metrics, such as accuracy and specificity, appear
relatively high. However, as discussed in Section 3.5.2, the F1-score is considered the
primary evaluation metric since it provides a more reliable measure of performance
in the presence of class imbalance.

Observations on baseline performance

The limited performance of the baseline model may be explained by the character-
istics of the available supervision. In this approach, the bag label is propagated to
all the instances belonging to the bag, meaning that each image or video frame
is assigned the same label. However, in ultrasound acquisitions only a subset of
frames may actually contain relevant diagnostic information, while many others
may be non-informative or visually ambiguous. As a consequence, a significant
portion of the training data may receive noisy labels, which can hinder the learning
process of an instance-level classifier. Moreover, ultrasound videos often contain
many temporally adjacent frames that are highly similar to each other. Treating
them as independent training samples may therefore introduce redundancy in the
dataset without providing additional discriminative information.

These limitations highlight the potential advantages of Multiple Instance Learn-
ing approaches, which are specifically designed to operate with weak supervision at
the bag level and to automatically identify the most informative instances within
each bag.
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4.1.2 ABMIL Results

The Attention-Based Multiple Instance Learning (ABMIL) model consists of two
main components. The first component is the feature extraction, which is performed
offline and is shared across all the MIL models considered in this work. The second
component is the MIL aggregation module, which is implemented through an
attention mechanism. The attention layer assigns a score to each instance within
a bag, allowing the model to weigh instances according to their relevance for
the classification task. The resulting weighted aggregation produces a bag-level
representation, which is then used to perform the final classification. This approach
is consistent with the available supervision, since labels are provided only at the
bag level. Compared to the baseline approach described in the previous section,
the ABMIL model operates directly at the bag level. This allows the model to
focus on the most informative instances within each bag rather than assuming that
all instances contribute equally to the bag label.

As discussed in the previous chapter, for ABMIL and all other MIL-based models
the dataset splitting is performed using a 5-fold stratified cross-validation strategy.
For each hyperparameter configuration the reported performance corresponds to
the average across the folds.

The hyperparameter sweep configuration for ABMIL is reported in Table 3.4.
The tunable hyperparameters can be divided into two groups. The first group
includes architecture-related hyperparameters, which are specific to the ABMIL
model and include the attention dimension, the attention activation function, and
the type of attention mechanism used. The second group includes training-related
hyperparameters, which are common to all models, including the baseline, and
consist in the number of training epochs, batch size, number of extracted frames
per bag and learning rate. The hyperparameter search was conducted in two
stages. First, a sweep over the architecture-related parameters was performed
while keeping the training-related parameters fixed. After identifying the best
architectural configuration, a second sweep was carried out over the training-related
hyperparameters.

Figure 4.1.2 shows the evolution of the F1-score and validation loss for three
representative configurations which differ in the type of attention mechanism used
and the attention dimension. In particular the three reported plots correspond to
three configurations that differ for the attention dimension and the type of attention
mechanism. The remaining hyperparameters are fixed to the values that produced
the best results during the sweep and are summarized in Table 4.2, together with
the corresponding performance metrics.
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(a) ABMIL F1-score
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(b) ABMIL Validation Loss

Figure 4.2: Examples of Fl-score and validation loss of ABMIL model

Observations on ABMIL results

From the F1l-score plot, it is evident that these three configurations do not bring
significant changes in the evolution of this metric. The only separation, even if
weak, is between the red line, which corresponds to the configuration with the
standard attention mechanism, and the other two, that use gated attention and
reach higher values. For this reason the gated attention is preferred among the two
mechanisms. Looking instead at the blue and green lines, differing for the attention
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Metric (epoch 478) Value

F1-score 0.72
Hyperparameter Value
yperpara Val Accuracy 0.77
Batch size 64 )
Train Accuracy 0.95
Number of frames 16
. 4 Recall 0.70
Learning rate 10 ..
. X . Precision 0.74
Attention dimension 128 o .
. oL Specificity 0.80
Attention activation  Tanh
Attention mechanism Gated AUC 0.82
Validation loss 0.45
Training loss 0.20

Table 4.2: Summary of the best ABMIL hyperparameter configuration and
corresponding performance.

dimension, F1-score is very similar and both their highest value correspond to 0.72.
For this reason the best configuration was chosen looking at the validation loss.
Between green and blue losses, the blue one is lower and has much lower folds
variability, so it was chosen as reference for best hyperparameter configuration of
ABMIL.

For ABMIL model it was also performed a hyperparameter sweep on the number
of extracted frames for each video, in order to analyze if the number of instances
in a bag can affect the final performance. Considering a high number of extracted
frames, implies a high difference in bag dimensions, because the ones that contains
videos will have a very high number of items, whereas the ones with only images
still have a maximum of four instances per bag. The result of this search is that the
configuration that brings highest Fl-score is the one where 16 frames are extracted
for each video. The second best performance is the one with 128 frames, whereas
the ones with 8, 32 and 64 frames have all slightly lower and similar performance.
Therefore there is no evident correlation between the number of frames and the
final performance on classification. Nevertheless, when choosing a fixed number of
extracted frames, this parameter was set to 16.

4.1.3 DSMIL Results

The Dual-Stream Multiple Instance Learning (DSMIL) model performs both
instance-level and bag-level classification through two separate streams. One
stream identifies the most relevant instance within each bag, referred to as the
critical instance. The second stream computes the similarity between all instances
and the critical one, and uses this information to assign attention weights and
aggregate the instances into a single bag representation. Compared to ABMIL,
DSMIL introduces an explicit mechanism for identifying the most informative
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instance within each bag and computes instance correlations with that one as
similarity measures.

The main architecture-specific hyperparameters of this model are the attention
dimension and the optional application of nonlinear activation functions to the
vectors q and v. Additionally, when a nonlinear activation is applied to the
information vector v, a dropout layer is introduced, with the dropout rate acting
as an additional tunable hyperparameter.

The hyperparameter search configuration is reported in Table 3.5. Similarly to
the procedure adopted for ABMIL, the hyperparameter optimization is performed
with a first sweep over the architecture-related parameters, keeping the training-
related parameters fixed. After identifying the best architectural configuration, a
second sweep is performed on the remaining training-related hyperparameters.

Figure 4.1.3 reports the evolution of the Fl-score and validation loss for two
representative configurations corresponding to the cases of enabling or disabling
nonlinear activation function for the vector v, while for vector q the nonlinearity
is kept enabled. The remaining architecture-related parameters are fixed to the
values that yielded the best performance during the sweep, namely an attention
dimension of 256 and a dropout rate equal to 0.5 when nonlinear activation is
applied to v.

Observations on DSMIL results

From Figure 4.5b one can observe that when the nonlinear activation is enabled for
information vector v, corresponding to the blue curve, the validation loss quickly
reaches a minimum value around epoch 60, after which the model begins to overfit.
In the same configuration, the Fl-score increases rapidly and stabilizes around
values close to 0.7, reaching a maximum value of 0.77 at epoch 113.

An interesting observation is that the configuration with nonlinear activation on v
exhibit stronger fluctuations in both Fl-score and validation loss across consecutive
epochs. When the nonlinear activation on v is disabled instead, both metrics show
smoother and more stable training curves. This difference is particularly visible in
the validation loss behavior.

For the case with nonlinear v = False, the validation loss does not show clear
signs of overfitting within the first 500 training epochs, suggesting that the model
may still be improving. For this reason, additional simulations were performed
extending the training to 1500 epochs. In these longer runs, the validation loss
eventually reaches a minimum and then begins to increase, while the F1-score
continues to improve until approximately epoch 536. Nevertheless, the maximum
F'1-score obtained in this setting remains lower than the one achieved when nonlinear
activation on v is enabled in the blue curve.

Additional experiments were also conducted using lower learning rates (5- 1075
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Figure 4.3: Examples of Fl-score and validation loss of DSMIL model
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and 1079), although the corresponding plots are not reported here. In these cases,
the training process progresses more slowly, with the validation loss reaching its
minimum around epoch 501 for the learning rate 107°. However, this slower
convergence does not lead to significant improvements in F1-score, whose maximum
value remains around 0.74, still below the best configuration discussed above.
The strong performance observed for the best DSMIL configuration may be
related to the architectural design of the model. By explicitly identifying a critical
instance and measuring the similarity of all other instances with respect to it, DSMIL
is able to emphasize the most informative regions of the bag while still incorporating
contextual information from the remaining instances. This mechanism may be
particularly beneficial in ultrasound data, where only a subset of frames may contain
diagnostically relevant information. The hyperparameters corresponding to the
best-performing configuration and the related evaluation metrics are summarized

in Table 4.3.

Metric (epoch 113) Value

Hyperparameter Value F1-score 0.77
Batch size 64 Val Accuracy 0.75
Number of frames 16 Train Accuracy 0.91
Learning rate 1074 Recall 0.80
Attention dimension 256 Precision 0.74
Nonlinear q True Specificity 0.79
Nonlinear v True AUC 0.84
Dropout rate 0.5 Validation loss 0.44
Training loss 0.23

Table 4.3: Summary of the best DSMIL hyperparameter configuration and
corresponding performance.

4.1.4 TransMIL Results

The transformer-based MIL (TransMIL) model assumes that instances within
a bag are not independent and leverages a self-attention mechanism to capture
pairwise correlations among them. In contrast to DSMIL, which focuses on the
relationship between each instance and the single critical one, TransMIL models
the interactions between all pairs of instances. This allows the model to learn more
complex relationships within the bag before performing classification at the bag level.
Compared to the previous MIL architectures, TransMIL introduces a transformer-
based design that explicitly models global relationships among instances through
self-attention.
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The architecture of TransMIL is composed of transformer layers that apply the
self-attention mechanism, together with a positional encoding module that provides
information about the relative position of instances within the bag. This positional
information is useful for preserving structural relationships among instances during
the attention computation.

The architecture-specific hyperparameters of TransMIL include the attention
dimension, the number of transformer layers and the number of attention heads in
each layer. Additional parameters are related to the optional use of a multi-layer
perceptron (MLP) applied at the end of each transformer layer; when this option is
enabled, dropout layers are also introduced within the MLP, controlled by a dropout
rate hyperparameter. The full set of explored hyperparameters is summarized in
Table 3.6.

Figure 4.1.4 reports two representative configurations illustrating the evolution
of the validation loss and F1-score during training. The blue curve corresponds to
a more complex configuration containing a significantly larger number of trainable
parameters. In this setting, the attention dimension is set to 512, two transformer
layers are used, each with eight attention heads, but the MLP module is disabled.
The red curve corresponds instead to a simpler configuration with fewer trainable
parameters. In this case, the attention dimension is reduced to 64, the number of
attention heads is set to two, and the MLP module is enabled with a dropout rate
of 0.1. Additional differences concern the training setup: the complex configuration
uses a batch size of 64 and a learning rate of 10™%, whereas the simpler configuration
uses a batch size of 32 and a learning rate of 5-107°.

Observations on TransMIL results

The maximum F1-score achieved by both configurations is approximately 0.75,
reached at epoch 17 for the complex configuration and at epoch 25 for the simpler
one. Although the achieved F1l-scores are similar, the validation loss exhibits
markedly different behaviors in the two cases. The simpler configuration shows a
smoother validation loss curve, reaching a minimum around epoch 20 and then
increasing gradually with relatively low variability across folds. In contrast, the
more complex configuration reaches its minimum validation loss earlier, around
epoch 15, after which the loss increases rapidly and shows significantly larger
variability across folds. Interestingly, despite the large increase in validation loss in
the complex configuration, the corresponding F1-score remains relatively stable
with limited variability across folds. This discrepancy between validation loss and
F'l-score may be related to the higher capacity of the model, which could make the
optimization process more sensitive to small variations in the data.

Additional experiments were conducted using different learning rates and atten-
tion dimensions, but no significant improvements in performance were observed.
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Figure 4.4: Examples of Fl-score and validation loss of TransMIL model
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Given that both configurations achieve similar F1-score values, the simpler configu-
ration is selected as the reference configuration for TransMIL. Besides providing
comparable classification performance, it also exhibits a more stable and inter-
pretable validation loss behavior, which suggests better generalization properties.
The hyperparameters corresponding to this configuration and the related evaluation
metrics are summarized in Table 4.4.

Metric (epoch 25) Value

Hyperparameter Value

- F1l-score 0.75
Batch size 32
Val Accuracy 0.76
Number of frames 16 .
) _5 Train Accuracy 0.87
Learning rate 510
) ; . Recall 0.81
Attention dimension 64 ..
Precision 0.69
# att. heads 2 o
Specificity 0.73
# trans. layers 2
AUC 0.80
Use MLP True 1.
Drobout rate 0.1 Validation loss 0.53
P Training loss 0.30

Table 4.4: Summary of the best TransMIL hyperparameter configuration and
corresponding performance.

4.1.5 GNN-based MIL Results

Several Graph Neural Network (GNN)-based architectures were implemented to
explore an alternative approach for modeling relationships among instances within
a bag. In this framework, each bag is represented as a graph in which nodes
correspond to instances and edges represent relationships between them. The goal
of these models is to capture correlations between instances by explicitly modeling
them through graph connections.

Three different models were implemented using the same graph convolutional
operator based on the GraphSAGE layer, which updates node representations by
aggregating information from neighboring nodes. The three architectures, referred
to as Simple GNN, Top-k GNN, and Cluster-based GNN, differ mainly in the
strategy used to aggregate node embeddings into a bag-level representation and
progressively increase in architectural complexity.

In the Simple GNN model, the node embeddings produced by the GraphSAGE
layers are directly aggregated into a bag representation using either mean pooling,
max pooling, or an attention layer equal to the one used in ABMIL. The Top-k
GNN model introduces an additional node-selection step, where nodes are ranked
according to a learned importance score and only the top-k fraction of nodes
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is retained before performing the final aggregation. This mechanism allows the
model to focus on the most informative instances within the bag. Finally, the
Cluster-based GNN model employs a differentiable pooling mechanism that learns
an assignment matrix mapping the original nodes to a fixed number of clusters.
This operation collapses the graph into a smaller set of super-nodes, allowing the
model to learn hierarchical representations of the bag.

The explored hyperparameters for these models are summarized in Table 3.7.
The most relevant ones include the number & of nearest neighbors used to construct
the graph, the number of GraphSAGE layers, the aggregation method used in the
first two models, and the number of clusters used in the cluster-based model. Figure
4.1.5 reports the evolution of Fl-score and validation loss for the best configuration
of each of the three GNN-based architectures. For visualization purposes, the
variability of the validation loss of the cluster-based model has been partially
truncated in the plot, in order to allow a clearer comparison with the other models.

Observations on GNN-based models results

From the plots, the most evident behavior is the significantly larger validation loss
and fold variability observed for the cluster-based model. The loss increases more
rapidly and reaches higher values compared to the other two architectures. However,
this behavior does not correspond to particularly poor Fl-score performance,
which remains comparable to that of the simple GNN model and shows moderate
variability across folds.

The Simple GNN and Top-k GNN models exhibit more stable validation loss
curves. Regarding the Fl-score evolution, the simple model reaches its maximum
value earlier during training and then stabilizes around values close to 0.70. The
Top-k model instead achieves a slightly higher peak value of approximately 0.73,
although after reaching this maximum the F1-score decreases slightly and stabilizes
around 0.65. The cluster-based model exhibits an intermediate behavior, with
F1-score values generally lying between those observed for the simple and Top-k
models.

Among the three architectures, the highest F1-score is obtained by the Top-k
GNN model. For this reason, this configuration is selected as the reference GNN-
based model. The corresponding hyperparameters and performance metrics are
reported in Table 4.5. The slightly better performance of the Top-k£ model may be
related to its ability to filter out less informative instances before performing the
final aggregation. This mechanism may be beneficial in ultrasound data, where
only a subset of frames or images may contain relevant diagnostic information.
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(b) GNN-based Validation Loss

Figure 4.5: Examples of Fl-score and validation loss of GNN-based models
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Top-k GNN-based model Metric (epoch 36) Value
Hyperparameter Value F1-score 0.73
Batch size 64 Val Accuracy 0.78
Number of frames 16 Train Accuracy 0.94
Learning rate 5-107° Recall 0.73
k (nearest n.) 8 Precision 0.74
Embedding dimension 128 Specificity 0.81
# GSAGE layers 1 AUC 0.82
Top-k ratio 0.4 Validation loss 0.46
Aggrg. method mean Training loss 0.22

Table 4.5: Summary of the best GNN-based model hyperparameter configuration
and corresponding performance.

4.2 Comparison of Model Performances

After having analyzed the performance of each architecture individually, this section
provides a comparative analysis across all models in order to identify the most
effective approach for the considered task. Table 4.6 summarizes the performance
metrics obtained by each model at the epoch corresponding to the highest F1-
score. Values in bold indicate the best result achieved for each metric among the
considered architectures.

Metric Baseline ABMIL DSMIL TransMIL Top-k GNN
Epoch 2 478 113 25 36
F1-score 0.63 0.72 0.77 0.75 0.73
Val. Accuracy 0.75 0.76 0.75 0.76 0.78
Recall 0.64 0.70 0.80 0.81 0.73
Precision 0.65 0.74 0.74 0.69 0.74
Specificity 0.80 0.80 0.79 0.73 0.81
AUC 0.80 0.82 0.84 0.80 0.82
Train Accuracy 0.93 0.95 0.91 0.87 0.94
Val. loss 0.64 0.53 0.44 0.53 0.46
Train. loss 0.19 0.12 0.23 0.30 0.22

Table 4.6: Comparison of the best-performing configurations for all considered
models. Each value corresponds to the metrics obtained at the epoch achieving the
highest F1-score.

Considering first the comparison based on the F1l-score, which represents the
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primary evaluation metric for this project, it can be observed that all Multiple
Instance Learning (MIL) approaches outperform the baseline CNN model. The
improvement ranges from approximately 14% for ABMIL to 22% for DSMIL. This
result confirms the importance of adopting learning paradigms that are consistent
with the structure of the dataset. The baseline model processes individual images
independently and assigns a label to each instance, even though instance-level
labels are not available in the dataset. In contrast, MIL-based architectures are
specifically designed to aggregate information from multiple instances belonging to
the same bag and perform classification using only bag-level labels. This paradigm
is particularly suitable for the considered dataset, where each clinical case contains
as items a collection of images and frames extracted from ultrasound videos.

Among the evaluated models, DSMIL achieves the highest F1-score as well as
the best AUC value. The dual-stream architecture allows the model to identify the
most informative instance within the bag and to measure the similarity of all other
instances with respect to this critical element. In this way, the model captures
meaningful correlations between instances while maintaining a moderate level of
architectural complexity. Compared to ABMIL, DSMIL relaxes the assumption
of independence among instances and explicitly models relationships between
them. At the same time, its complexity remains lower than that of transformer-
based architectures such as TransMIL, which compute global pairwise correlations
between all instances in the bag. In the considered dataset, where bags may contain
both independent images and temporally correlated frames extracted from videos,
this intermediate level of complexity appears to provide a good balance between
representational power and model stability.

TransMIL and the Top-k GNN model also achieve strong performance, clearly
outperforming the baseline model. However, the higher validation loss values and
the larger fold variability observed during training suggest that these architectures
may present lower robustness and potentially reduced generalization capability.
Their increased architectural complexity may lead to a larger number of trainable
parameters and a higher risk of overfitting when applied to relatively limited
datasets.

Another aspect worth highlighting concerns the heterogeneous composition of
the bags in the dataset. Each bag may contain both independent images and frames
extracted from videos, which may exhibit stronger correlations due to temporal
continuity. Additionally, bags may have very different sizes, as many of them do
not even contain videos, implying that their dimension could be limited to few
images, even a single one. This mixture of instance types and sizes may influence
the effectiveness of different architectures, favoring models capable of capturing
relevant correlations without relying excessively on global pairwise interactions.

Figure 4.6 provides a visual summary of the Fl-score obtained by the best
configuration of each model.
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Figure 4.6: Comparison of the F1l-score achieved by the best configuration of
each model architecture.

As shown in the figure, all MIL-based models consistently outperform the
baseline approach, highlighting the importance of apply models that follow the
same structure as the available dataset.

It is important to note that the evaluation performed in this study is based on
a stratified k-fold cross-validation procedure. Although this approach allows for
a reliable comparison between models, the reported performance still depends on
validation sets that are indirectly involved in the training and in the model selection
process. Consequently, the generalization capability of the models cannot be fully
assessed without the use of an independent external test set. Future evaluations
should therefore include an additional dataset that is never observed during the
training or hyperparameter optimization stages. Such an external evaluation would
allow for a more reliable assessment of the generalization performance of the
proposed architectures.

In the next chapter, the conclusions of the work are presented. The main results
of the study are summarized, the limitations of the current approach are discussed,
and possible directions for future research are outlined.
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This thesis addressed the problem of developing automatic models for the analysis
of ovarian tumors from ultrasound datasets, focusing on a realistic clinical scenario
in which multiple ultrasound images and videos are acquired for each patient, while
annotations are available only at the clinical case level. To address this problem,
several models based on the Multiple Instance Learning (MIL) paradigm were
investigated. In MIL, data are organized into groups of instances, called bags,
and labels are available only at the bag level rather than for individual instances.
This framework naturally reflects the clinical workflow of ultrasound examinations:
multiple images or frames are collected for a single patient, and a unique diagnosis
is provided based on the overall assessment of all available information. In the
context of ovarian tumors, if at least one image reveals characteristics of malignancy,
the tumor is classified as malignant; otherwise it is considered benign.

In this work, four MIL-based models were implemented and compared with
a supervised baseline model. The baseline approach performed instance-level
classification by propagating the bag label to each instance, ignoring the weakly
supervised nature of the dataset. In contrast, the MIL models explicitly addressed
the bag-level learning problem. The architectures considered in this study were
Attention-Based MIL (ABMIL), Dual-Stream MIL (DSMIL), Transformer-based
MIL (TransMIL), and a Graph Neural Network (GNN)-based MIL model.

A common convolutional neural network feature extractor, based on DenseNet121
pretrained on ImageNet, was used to generate instance-level embeddings from the
ultrasound images. These embeddings were then aggregated by the different MIL
architectures in order to obtain a single bag-level representation on which the final
binary classification was performed. Model selection and hyperparameter tuning
were performed using a stratified k-fold cross-validation strategy on the training
and validation sets. Several evaluation metrics were considered, while the primary
metric used for comparison was the Fl-score, which is particularly suitable for
imbalanced datasets such as the one considered in this work, where malignant cases
are less frequent than benign ones.

The experimental results demonstrate that Multiple Instance Learning models
consistently outperform the supervised baseline in the task of bag-level classification.
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In particular, MIL-based architectures achieved significantly higher F1-score values,
confirming that explicitly modeling the bag structure of the data leads to improved
performance in weakly supervised settings. Among the tested models, DSMIL
obtained the best overall performance, achieving the highest F1l-score as well as
the highest Area Under the Curve and Precision values.

One possible explanation for this result lies in the architectural characteristics
of DSMIL. Unlike simpler attention-based approaches, which treat instances as
independent, DSMIL explicitly models relationships among instances by focusing
on the most informative one. At the same time, its architecture remains less
complex than Transformer-based models such as TransMIL, which attempt to learn
all pairwise interactions among instances and therefore require a significantly larger
number of trainable parameters. The results obtained in this work suggest that
modeling instance interactions is beneficial for this task, but that an intermediate
level of architectural complexity may provide the best balance between expressive
power and generalization capability.

The main contributions of this thesis can be summarized as follows:

o Application of Multiple Instance Learning models to the problem of ovarian
tumor diagnosis from ultrasound imaging data;

o Implementation and comparison of several MIL architectures within a unified
experimental framework;

o Empirical demonstration that MIL-based approaches outperform a conven-
tional supervised baseline when only case-level labels are available;

» Analysis of the role of instance aggregation strategies and instance interactions
in improving bag-level classification performance.

To the best of our knowledge, MIL-based approaches have not been widely explored
in the context of ovarian tumor diagnosis from ultrasound data. Therefore, this
work contributes to bridging the gap between deep learning methodologies and
realistic clinical data acquisition settings.

Despite the promising results obtained in this study, several limitations should
be noticed. First, the absence of a dedicated external test set prevents a full
assessment of the generalization capability of the models. Although cross-validation
provides a reliable estimate of performance, the evaluation on an independent
dataset would allow a more robust validation of the proposed approaches. Second,
the preprocessing pipeline applied to the ultrasound images was relatively simple.
In particular, the procedures used to remove annotations and black regions outside
the fan-beam area were limited, and more advanced preprocessing techniques could
further improve the quality of the input data.
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Future work could explore several directions to further improve the results
obtained in this thesis. One possible extension concerns the preprocessing stage,
where more sophisticated methods for isolating the relevant ultrasound region and
removing artifacts could be developed. Additionally, the current study focused on
a binary classification problem between benign and malignant tumors. However,
ovarian tumors can also belong to a third category, known as borderline tumors,
which were not included in the dataset used in this work. Future studies could
therefore investigate multi-class classification problems including borderline cases
and other diagnostically challenging tumor types in order to evaluate the robustness
of MIL-based models in more complex scenarios. Another interesting option for
future works consists in observing also the attention scores produced by the MIL-
based models. If a dataset with also item-level annotations is available, it would
be interesting to compare them with the attention scores to assess the reliability of
the models in detecting the most informative instances.

Another important direction for future research concerns the feature extraction
stage. In this work, the DenseNet121 feature extractor was pretrained on ImageNet
and kept frozen during training, while the MIL models operated on the extracted
embeddings. Although this strategy significantly reduced computational cost and
training time, it prevented the feature extractor from adapting specifically to the
ultrasound domain. A potential improvement would consist in training the feature
extractor jointly with the MIL aggregation module in an end-to-end manner. While
this approach would increase the number of trainable parameters and computational
requirements, it could also enable the model to learn feature representations better
suited to the characteristics of ultrasound images.

Overall, the results presented in this thesis demonstrate that Multiple Instance
Learning represents a promising framework for addressing medical imaging problems
in which detailed annotations are not available and data are naturally organized
at the case level. By aligning machine learning methodologies with the structure
of real clinical data, MIL-based approaches have the potential to support the
development of more effective and practical decision-support tools for the diagnosis
of ovarian tumors from ultrasound examinations.
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