UCLA

UCLA Electronic Theses and Dissertations

Title
Deep Learning for Ultrasound Imaging: From Task-Specific Architectures to Foundation
Models

Permalink
https://escholarship.org/uc/item/6p88n9vg

ISBN
9798189299292

Author
Radhachandran, Ashwath

Publication Date
2026-08-31

Peer reviewed|Thesis/dissertation

eScholarship.org Powered by the California Diqital Library

University of California


https://escholarship.org/uc/item/6p88n9vs
https://escholarship.org
http://www.cdlib.org/

UNIVERSITY OF CALIFORNIA

Los Angeles

Deep Learning for Ultrasound Imaging: From Task-Specific Architectures to Foundation

Models

A dissertation submitted in partial satisfaction
of the requirements for the degree

Doctor of Philosophy in Bioengineering

by

Ashwath Radhachandran

2026



© Copyright by
Ashwath Radhachandran
2026



ABSTRACT OF THE DISSERTATION

Deep Learning for Ultrasound Imaging: From Task-Specific Architectures to Foundation

Models

by

Ashwath Radhachandran

Doctor of Philosophy in Bioengineering
University of California, Los Angeles, 2026
Professor William F. Speier, Co-Chair

Professor Corey W. Arnold, Co-Chair

This dissertation investigates the application of deep learning to clinical ultrasound
imaging, progressing from task-specific models for thyroid nodule diagnostics to large-scale
self-supervised foundation models for ultrasound. The first part begins with a systematic
review of Al methods in the thyroid nodule diagnostic pipeline, identifying problematic
gaps in benchmarking rigor and external validation that serve as a driver for following
work. Building on those findings, we develop a joint detection and segmentation framework
that addresses nodule localization in a multitask model, and ThyGraph, a graph-based
architecture for multi-view feature aggregation across an ultrasound image study to improve
study-level malignancy classification. These task-specific approaches demonstrate strong
performance, but external validation reveals a generalization gap and supervised, single-
task training demonstrates representational limits. These observations motivate the second
part of the dissertation, which proposes self-supervised pretraining as a path toward more
informative ultrasound representations. We develop US-JEPA, a Joint Embedding Predictive
Architecture adapted for ultrasound. In parallel, we curate the Open Ultrasound (OPUS)
dataset, the largest public ultrasound corpus assembled to date, for model pretraining. The

model achieves state-of-the-art performance on various classification tasks, and outperforms

i



competing models in low-label regimes and under test set image corruption. Finally, we
introduce UltraBench 2.0, a standardized benchmark and evaluation protocol for ultrasound
foundation models. Dataset coverage spans multiple anatomies and clinical tasks, addressing
the absence of a common framework that has made meaningful evaluation across models
difficult. Collectively, these contributions outline a grounded transition from task-specifc
deep learning to foundation model development and rigorous benchmarking, establishing

both practical tools and conceptual standards for future ultrasound-based AI methods.
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CHAPTER 1

Introduction

The promise of Al for rapid medical change has been long standing and eagerly awaited.
Healthcare, spanning hospitals, clinics, payers and other health systems, generates more data
than an individual practitioner can fully synthesize. Imaging studies accumulate faster than
they can be read, diagnostic criteria differ between institutions and readers, and rare but
consequential findings can go undetected. The gap between what AI could offer and what it
has tangibly delivered in clinical practice has narrowed considerably in recent years, but it
has not fully closed [Top19|. Standardized, data-driven AI methods offer a promising path
toward closing this diagnostic gap. However, as we develop new Al methods for medical
diagnostics, a few critical considerations must remain in mind: how involved should clinicians
be with an Al tool in practice? Are Al tools truly better than clinicians for certain tasks?
And how do we manage the interests of healthcare systems, physicians, and most importantly
patients, when building clinical Al tools? These are difficult questions to answer, but it
is essential that we continue to use them as a guide as we develop novel Al methods for

problems in medicine and healthcare.

In the last ten years there has been a remarkable transformation in the way the research
community has approached and addressed problems in this space. The long-standing tension
between specialized models and generalist approaches has largely reached a middle ground
through the rise of foundation models [B*21]. These large models pretrained on broad
data and then fine-tuned have considerably blurred the line between these two paradigms.

Researchers are starting to ask different questions such as, can a general base model, fine-



tuned carefully, beat a specialized model? And as more empirical and theoretical findings
accumulate behind this approach, the question has expanded further: how much domain-
specific adaptation does a foundation model actually need? The questions we ask from both
these clinical and methodological lenses will dictate whether we can deliver on the promise of
Al in biomedicine.

This dissertation frames these questions within the context of a focused slice in this
expansive field: ultrasound imaging. First, we examine the limitations and pain points
within a specific clinical domain: thyroid nodule diagnostics, and establish where AI methods
stand with regard to making a tangible clinical impact. Based on those findings and
guidance from collaborating physicians, we propose clinically motivated, task-specific models
to address specific challenges. These solutions specifically revolve around improving detection,
localization, and diagnosis of thyroid nodules. Next, in line with the technical advancements
within the field, we begin asking bigger questions about the efficacy and generalizability of
these models. We approach the challenge of modeling ultrasound from the technical lens and
pursue methods to build better representations for downstream tasks. By pursuing foundation
models for ultrasound and establishing better standards for evaluation and reproducibility
through benchmarking, we demonstrate the promise of large-scale pretraining paradigms and
the degree to which generalizable representations can serve as a viable path forward for Al

models for ultrasound in clinical practice.

1.1 Clinical Motivation

1.1.1 Why Thyroid Cancer?

Thyroid nodules are among the most common incidental findings in clinical practice, with
prevalence in the adult population being as high as 50%. Most nodules are incidentally
detected by unrelated cross-sectional imaging or during a physical examination. The vast

majority are benign, yet the malignancy rate has been reported to be as high as 15% —



high enough to warrant careful evaluation. Thyroid cancer itself has become one of the
fastest-growing cancer diagnoses in the United States, although it is a trend driven in part
by incidental detection on imaging studies. The clinical standard of care revolves around
ultrasound. Nodules are imaged, and risk-stratified using structured reporting systems such
as TI-RADS, and referred for fine-needle aspiration biopsy when specific features trigger

concern [AC22].

This pipeline, while well-established, is far from perfect. Inter-reader variability in TI-
RADS scoring is a well-documented problem, and high biopsy rates for ultimately benign
nodules impose unnecessary burden on patients and on already-stretched radiology and
endocrinology workflows [GSFD24|. These are exactly the kinds of high-volume diagnostic
tasks where Al has the potential to introduce consistency and reduce unnecessary intervention.
This point has made thyroid nodule imaging a natural and well-motivated starting point,

which drives the first part of this dissertation.

1.1.2 Why Ultrasound?

Ultrasound is the most widely used medical imaging modality in the world. It is accessible,
real-time, non-ionizing, and inexpensive relative to CT or MRI. Yet, it is also among the most
challenging modalities for Al; images are corrupted by speckle noise and acoustic artifacts,
acquisition is heavily operator-dependent, and the same anatomy can look substantially
different across scanners, probe frequencies, and clinical settings. These properties lend an
unfortunate brittleness to supervised models, as models trained on one institution’s data
may not seamlessly transfer to another. In this sense, ultrasound is not only a clinically
important modality, but also a particularly relevant subject for the generalization challenges

that motivate the second half of this dissertation.



1.2 Part 1: Task-Specific Deep Learning for Thyroid Ul-

trasound

When this dissertation work began in 2021, supervised deep learning, primarily powered by
convolutional neural networks, had firmly established its value in medical imaging. Key studies
had demonstrated that CNNs could match or exceed clinician performance on well-scoped
tasks: diabetic retinopathy screening from fundus photographs, skin lesion classification,
and chest radiograph interpretation, among others [EKN*17, GPC*16]. These results were
new and exciting, but they shared a common thread: strong performance on clean, curated,
single-site datasets that did not necessarily reflect the messiness of real clinical deployment.
Simultaneously, vision transformers had just emerged as a compelling alternative to CNNs
for image-based tasks [DBK™21], and their applicability to medical imaging, where data was

scarce and domain-specific, remained an open, but uniquely challenging question.

The dominant roadblocks were practical as much as architectural. Acquiring high-quality
labeled data required clinical expertise and was expensive to scale. Models that performed well
in-distribution often degraded significantly when evaluated on data from different institutions,
scanners, or patient populations. Architectural innovation continued rapidly; however, the
field was in the midst of understanding the gap between impressive quantitative improvements
and reliable clinical deployment. The early work in this dissertation, covered in Chapters

3-5, is largely motivated by these trends from the technical side of this field.

The first part of this dissertation approaches the problem of thyroid nodule diagnostics
through three complementary efforts. Chapter 3 provides a systematic review of the state
of Al for thyroid nodule ultrasound, documenting the architectures, datasets, clinical tasks,
and performance claims that had accumulated in the literature, and surfacing the gaps
in benchmarking rigor and external validation that would motivate the subsequent work.
Chapter 4 develops a joint detection and segmentation framework that simultaneously localizes

nodules and delineates their boundaries, addressing a natural set of tasks that radiologists

4



perform together in practice. Curating the annotation dataset for this project required direct
collaboration with radiologists and surgeons at UCLA, which gave us an early firsthand
appreciation for how expensive and clinically demanding high-quality labeled data truly is to
produce. Chapter 5 moves towards relational reasoning through ThyGraph, a graph-based
architecture that models spatial and semantic relationships across multiple views of an
ultrasound study, motivated by the way clinicians synthesize information across a full imaging

session rather than a single frame.

Collectively, these projects confirmed the promise of task-specific deep learning while
exposing its limits. Models trained on UCLA data performed well internally, but performance
degraded when evaluated on external datasets, a pattern consistent with what broader
literature had reported. ThyGraph also made clear that even with more intentionally
engineered architectures, the field was approaching a ceiling due to the feature extractors
themselves. Without richer, more generalizable representations of ultrasound images, further
gains might just be incremental. These observations directly motivate the second part of this

dissertation.

1.3 Pivoting From Task-Specific to Foundation Models

The limitations we encountered were not unique to our work as they reflected a larger
problem with the task-specific approach. Separate models for each clinical task meant no
shared representations, no transfer of learned knowledge across problems, and no efficient
way to scale without repeating the annotation process for new institutions or modalities. The
representations learned were, by design, tied to the distribution of the training data.

In parallel, the broader research community was undergoing a significant shift. NLP meth-
ods, such as GPT and BERT, had demonstrated that pretraining on scale followed by efficient
fine-tuning could produce broadly capable models. This concept was now being extended to vi-

sion. Self-supervised methods such as SimCLR, DINO, and MAE showed that powerful visual



representations could be learned from unlabeled images [CKNH20a, CTM*21a, HCX*21].
The medical imaging community began translating these ideas, developing foundation models
for radiology and pathology. However, ultrasound remained comparatively underexplored.
As we observed this gap become more prominent, we began asking a new question: could we
build a foundation model specifically for ultrasound, pretrained with self-supervised learning
on a large and diverse corpus, that generalizes across anatomical domains and downstream
clinical tasks? Such a model had potential in multiple use cases such as serving as a feature
extractor for task-specific pipelines, being fine-tuned for specific clinical endpoints with far
less labeled data, and potentially even sidestepping the need for institution- or task-specific

retraining. The second part of this dissertation pursues these directions.

1.4 Part 2: Self-Supervised Learning and the Ultrasound

Foundation Model

The second part of this dissertation addresses the challenge of building and evaluating a
generalizable foundation model for ultrasound across two chapters. Chapter 6 first lays the
conceptual groundwork by surveying how the broader field transitioned from task-specific
models to SSL-pretrained foundation models across radiology, pathology, and ultrasound,
and building a theoretical basis for why the choice of self-supervised pretext task matters.
We start by defining a hierarchy of the three main families: 1) reconstruction-based methods
(such as MAE), 2) joint embedding architectures (such as DINO), and 3) joint embedding
predictive architectures (such as [-JEPA). This background argues that JEPA is particularly
well-suited for a noisy, structurally-organized modality like ultrasound, where pixel-level
reconstruction wastes capacity on irrelevant variance, and augmentation-based invariances
are harder to construct compared to in natural images. Chapter 6 then presents US-
JEPA, a Joint Embedding Predictive Architecture adapted for ultrasound. As a part of this

contribution, we also propose OPUS, the Open Ultrasound Dataset, the largest curated corpus

6



of publicly available ultrasound images assembled to date, spanning multiple anatomies and
pathologies. Rather than reconstructing masked pixel values, US-JEPA learns by predicting
latent representations of masked spatial regions from visible context, a pretraining objective
that encourages the model to learn spatial and structural relationships without modeling noise.
Chapter 7 addresses an unresolved gap in this space with UltraBench 2.0, a comprehensive
benchmark for ultrasound foundation model evaluation covering linear probing, segmentation
probing, and full fine-tuning across multiple anatomical sites and clinical tasks. In developing
US-JEPA, it became clear that despite a growing number of ultrasound foundation models
being released in rapid succession, the field lacked the standardization needed to meaningfully

compare them. Specifically, these gaps spanned the full model development pipeline:

1. pretraining corpora varied widely with minimal efforts to unify publicly available

datasets;

2. proposed architectures were rarely evaluated against controlled pretraining data base-

lines;
3. downstream evaluation protocols differed in tuning modes and hyperparameters; and

4. there was no agreed-upon set of tasks and datasets for assessment, making it difficult

to distinguish real model improvements from artifacts of benchmark saturation.

UltraBench 2.0 is designed to address these shortcomings directly, providing a community
standard for future comparisons and proposing more challenging evaluation settings to guide

the next generation of model development.

1.5 Contributions

The main contributions of this dissertation can be summarized in the following specific aims:

Aim 1. To comprehensively survey the state of Al research in the thyroid nodule diagnostic

pipeline



Aim 2.

Aim 3.

a. Conducted a systematic review of deep learning methods for thyroid nodule
ultrasound, cataloguing architectures, datasets, clinical tasks, and reported

performance across the literature

b. Identified critical gaps in benchmarking rigor, external validation, and clinical

translatability that motivate subsequent work in this dissertation

To develop novel deep learning approaches addressing limitations in thyroid nodule

detection, segmentation, and classification

a. Built a joint detection and segmentation framework that couples nodule localiza-

tion and image-level detection in a single model

b. Evaluated segmentation models on external datasets, characterizing performance

degradation under distribution shift

c. Improved study-level malignancy classification by modeling relational reasoning

across multiple image views

d. Proposed ThyGraph, a graph-based architecture that aggregates multi-view ultra-
sound features to capture spatial and semantic relationships between diagnostic

attributes

To introduce a large-scale self-supervised pretraining framework for ultrasound

foundation model development

a. Curated the largest publicly available ultrasound pretraining corpus, spanning

multiple anatomies and pathologies

b. Developed US-JEPA, a Joint Embedding Predictive Architecture adapted for

ultrasound

c. Conducted the first comprehensive baseline comparison of ultrasound foundation

models under a standardized evaluation protocol



d. Characterized label-efficient learning and feature robustness to imaging corrup-

tions across diverse downstream tasks

Aim 4. To establish the first standardized benchmark for ultrasound foundation model

evaluation

a. Defined a diverse evaluation suite spanning downstream datasets capturing

multiple organs and clinical tasks

b. Evaluated existing ultrasound foundation models and presented results in a

public-facing leaderboard to promote transparency and reproducibility

c. Released reusable implementations of linear probing and full finetuning protocols

for community adoption

d. Identified performance saturation in existing benchmarks and proposed more

evaluation settings to guide future model development

1.6 OQutline of the Dissertation

The chapters in this dissertation are organized as follows:

Chapter 1 (current) acts as a brief introduction and motivation behind the topics that
will be covered in this dissertation.

Chapter 2 provides an overview of the technical concepts required to understand the
subsequent chapters.

Chapter 3 is a systematic review of Al methods for thyroid nodule ultrasound diagnostics.

Chapter 4 presents a multitask detection and segmentation framework for thyroid
nodules.

Chapter 5 presents ThyGraph, a graph-based model capturing relational diagnostic

reasoning across multi-view ultrasound.



Chapter 6 provides a background on SSL pretext tasks for ultrasound and presents
US-JEPA, a JEPA-based foundation model for ultrasound, pretrained on the largest curated
public ultrasound corpus.

Chapter 7 presents UltraBench 2.0, a standardized dataset benchmark and evaluation
protocol for ultrasound foundation models.

Chapter 8 concludes the dissertation with a summary of completed work, major take-

aways, and future research directions.
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CHAPTER 2

Background

2.1 Ultrasound Imaging

2.1.1 Physics of Ultrasound Imaging

Medical ultrasound imaging generates cross-sectional images of tissue using high-frequency
sound waves, typically in the range of 2-18 MHz for clinical applications. A piezoelectric
transducer in the probe converts electrical pulses into mechanical vibrations, transmitting
brief bursts of acoustic energy into the body. As these waves propagate through tissue, they
are partially reflected at acoustic impedance boundaries, which are interfaces between tissues
of differing density and elasticity. The transducer then converts the returning echoes back
into electrical signals. By measuring the time between transmission and reception, the depth
of each reflecting boundary is inferred, while the amplitude of the return signal determines
image brightness. This pulse-echo process is repeated along many scan lines across the probe
face, assembling a two-dimensional image in real time [Szal4].

The dominant clinical modality is B-mode (brightness mode) imaging, in which each
scan line’s depth profile is rendered as a column of pixels with intensity proportional to
echo amplitude. The result is a grayscale cross-section of anatomy, acquired at frame rates
typically between 15 and 60 Hz. This real-time nature distinguishes ultrasound from static
modalities: structures can be visualized dynamically as the probe moves, and blood flow can
be superimposed using Doppler techniques [Szal4].

The choice of probe directly shapes what is visible. Linear array transducers (5-15 MHz)
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provide high spatial resolution at shallow depths and are standard for superficial structures
such as the thyroid, breast, and peripheral vasculature. Curvilinear probes (2-6 MHz) trade
resolution for penetration and field of view, making them suitable for abdominal and obstetric
imaging. Phased array transducers use a small footprint with electronic beam steering to
access structures through narrow acoustic windows, as in cardiac imaging (echocardiography).
Beyond probe selection, the operator can control gain, time-gain compensation, focal depth,
and dynamic range. Fach of these features can modify the resulting image in ways that are
not standardized across operators or institutions. Manufacturers apply proprietary signal
processing pipelines (harmonic imaging, speckle reduction filters, adaptive beamforming)
that further differentiate images across scanner platforms from vendors such as GE, Siemens,

Philips, and Samsung.

2.1.2 Challenges in Ultrasound Interpretation

The process of ultrasound image formation introduces several properties that collectively
make interpretation substantially harder than for other imaging modalities.

Speckle noise. The most pervasive artifact in B-mode images is speckle, a granular,
"salt-and-pepper" texture arising from the coherent interference of echoes from microscopic
tissue scatterers. Unlike additive Gaussian noise, speckle is multiplicative, meaning that its
amplitude scales with local signal intensity. Moreover, speckle is fundamentally different from
random noise; it arises from the way sound waves overlap and interfere, so it can’t be reduced
simply by averaging multiple images together. The resulting texture obscures soft-tissue
boundaries, reduces contrast, and introduces patterns that vary with tissue microstructure,
transducer frequency, and scan geometry |[WSSL83].

Acoustic artifacts. The way sound waves travel through tissue can create structured
artifacts through patterns that may look like, or hide, real pathology. Acoustic shadowing
occurs behind strongly attenuating objects (weakens the reflected signal), such as calcifications,

bone, and gas, thus producing dark regions that carry no tissue information. Posterior acoustic
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enhancement occurs behind fluid-filled structures, such as cysts or vessels, creating artificially
bright regions distal to the object. Reverberation artifacts, side-lobe contamination, and
refraction all introduce bright or dark structures with no clear anatomical correlates. While
experienced sonographers can interpret these artifacts diagnostically, they can also mislead
less experienced interpreters and complicate systematic image review [KT86].

Operator and probe dependence. Unlike with CT, where the scanner and patient
are fixed in place, producing consistent, repeatable images, ultrasound is performed by hand
in real time. The image at any moment is a function of probe position, orientation, tilt, and
applied pressure. All of these factors are controlled by the sonographer. Not to mention,
there is no fixed coordinate frame so the same anatomical structure may appear at different
depths, orientations, and scales across examinations. Inter-observer variability in ultrasound
interpretation is well-documented [CKK*10, PKJ™10]|, and upstream acquisition variability
is a contributing cause.

Scanner and protocol heterogeneity. Even for identical anatomy, images from
different scanner manufacturers or protocol settings can be visually distinct. The absence
of a standardized intensity scale means that pixel values carry institution-specific meaning.

This heterogeneity compounds the operator-dependence problem.

2.1.3 Why Ultrasound is Important

Ultrasound is among the most widely used medical imaging modalities in the world [MC11].
The absence of ionizing radiation makes it safe for repeated examinations, pregnant patients,
and pediatric populations. Portable and handheld devices bring diagnostic imaging to
emergency departments, intensive care units, rural clinics, and field settings where CT
or MRI infrastructure is unavailable. In low- and middle-income countries, ultrasound is
frequently the only cross-sectional imaging modality accessible at the point of care, making
it a critical component of global health infrastructure. Thus, despite the drawbacks listed

above, ultrasound has proven to be an integral diagnostic tool.

13



2.2 Thyroid Nodules and the Diagnostic Pipeline

2.2.1 Anatomy and Nodule Formation

The thyroid gland is a butterfly-shaped endocrine organ situated in the anterior neck, wrapped
around the trachea. Its two lateral lobes are connected by a narrow isthmus, and a small
pyramidal lobe extending superiorly is present in some individuals (Figure 2.1). The gland
synthesizes thyroxine (T4) and triiodothyronine (T3), hormones that regulate metabolic rate,

growth, and development throughout the body [MS12].

Thyroid nodules are discrete lesions within the thyroid parenchyma that are sonographi-
cally and pathologically distinct from the surrounding gland tissue. They arise from a variety
of processes: benign follicular adenomas and hyperplastic nodules account for the large
majority, while cysts, colloid nodules, thyroiditis-related changes, and primary malignancies
or metastatic deposits account for the rest. Nodules tend to be asymptomatic, with most

being discovered incidentally during neck imaging performed for other indications [DGL*18].

Anatomy of the Thyroid and Parathyroid Glands

Thyroid gland (back view)

Thyroid gland .‘\'/ &
Y ' Parathyroid

Trachea

Figure 2.1: A simple illustration of thyroid anatomy [noall].
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2.2.2 Epidemiology

The prevalence of thyroid nodules is substantially higher than clinical intuition might suggest.
Palpation detects nodules in roughly 5% of women and 1% of men in iodine-sufficient
populations [WC97|, but high-frequency ultrasound reveals nodules in 20-76% of adults
screened, with higher rates in older individuals and women [E*94|. This discrepancy between
palpable and ultrasound-detectable nodules reflects the resolution advantage of modern
imaging. It also has important downstream consequences as a large fraction of the population
has nodules that necessitate at least an initial radiological assessment.

Despite this high prevalence, the risk of malignancy among detected nodules is relatively
low. Among nodules referred for clinical evaluation, approximately 5-15% prove malignant
on surgical pathology, and the majority of those that are tracked longitudinally without
biopsy remain stable or regress [DCLT15]. Papillary thyroid carcinoma accounts for roughly
85% of thyroid malignancies and generally carries a favorable prognosis. Follicular, medullary,
and anaplastic carcinomas make up most of the remainder, with anaplastic carcinoma being
rare but highly aggressive [FW16|. The incidence of diagnosed thyroid cancer has risen
sharply over recent decades in many countries [KSS20], a trend attributed largely to increased
detection of small, indolent papillary tumors that may never progress to clinically significant
disease. This trend raises an ongoing concern about overdiagnosis and its downstream

consequences [V*116].

2.2.3 Clinical Workflow

Detection. Most thyroid nodules are discovered incidentally, typically on a neck ultrasound
ordered for an unrelated indication, on CT or MRI of the neck or chest, or through alternative
screening programs. A smaller fraction present through palpation on physical examination or
as a result of tangential symptoms such as dysphagia or hoarseness.

Risk stratification: ACR TI-RADS. Once a nodule is identified on ultrasound, the

primary clinical task is estimating its malignancy risk to guide further diagnostic decisions.
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The ACR Thyroid Imaging, Reporting and Data System (TI-RADS) provides a structured
reporting framework for this assessment [T*17]. Radiologists evaluate five sonographic
features: 1) composition (proportion of cystic versus solid tissue), 2) echogenicity (pixel
intensity relative to surrounding tissue), 3) shape (wider-than-tall versus taller-than-wide), 4)
margin character (smooth, ill-defined, lobulated or irregular, or extrathyroidal extension),
and 5) echogenic foci (comet-tail artifacts, macrocalcifications, peripheral calcifications, or
punctate echogenic foci). They assign points to each feature and the summed score yields a
TI-RADS level from TR1 (benign) to TR5 (highly suspicious) as outlined in Figure 2.2. FNA
is recommended when a nodule’s TI-RADS level and maximum diameter together exceed

defined thresholds, with higher-risk categories biopsied at smaller sizes.

COMPOSITION g ECHOGENICITY SHAPE MARGIN ECHOGENIC FOCI
Cystic 0 Wl Anechoic Ol wider 0 [l Smooth 0 § Noneor large 0
Spongiform 0 | Hyperechoic 1 than tall lll-defined 0 comet-tail artifacts

or Isoechoic Taller- 3 Macrocalcifications 1
Mixed 1 l Hypoechoic 2 J§ than-wide Lobulatedor 2 B peripheral (rim) 2
cystic and solid very irregular 3 calcifications
Solid 2 Hypoechoic 3 EXtra-therIdal Punctate echcgenic foci 3

extention

Add points for TI-RADS level

_ —— e

TR1 TR2 TR3 TR4 TRS
Benign Not Mildly Moderately Highly suspicious
suspicious suspicious suspicious
FNAifz1cm
No FNA No FNA FNAif 22.5 cm FNAif 2 1.5 cm Follow if 2 0.5 cm
Follow if 2 1.5 cm Follow if 21 cm

Figure 2.2: ACR TI-RADS scoring calculator |AvdL|.

Biopsy: fine needle aspiration. Fine needle aspiration (FNA) biopsy is the standard di-
agnostic procedure for sonographically suspicious nodules [HGM*82]. A thin needle is passed

into the nodule under ultrasound guidance, aspirating cellular material for cytopathological
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analysis. Results are reported using the Bethesda System for Reporting Thyroid Cytopathol-
ogy, which classifies specimens into six categories: I (nondiagnostic), II (benign), III (atypia
of undetermined significance), IV (follicular neoplasm), V (suspicious for malignancy), and VI
(malignant) [CA17, ABCP*23|. Categories II and VI are relatively straightforward in terms
of clinical implications. Categories III and IV are diagnostically indeterminate, carrying
estimated malignancy risks of 10-30% and 25-40%, respectively; however, cytological features
alone do not reliably resolve them.

Further Management. Nodules classified as benign (Bethesda II) are managed with
periodic ultrasound for surveillance. Malignant or suspicious cytology (Bethesda V-VI)
typically leads to surgery, in the form of a hemithyroidectomy or total thyroidectomy,
depending on clinical context [HAB*16, PYL"20]. Patient who undergo surgical procedure
in the form of a total thyroidectomy typically require lifelong thyroid hormone replacement
therapy, since they can no longer produce their own. Indeterminate nodules (Bethesda ITI-1V)
present the greatest challenge in management as there are multiple options, including repeat
FNA, molecular testing of the biopsy aspirate (gene expression classifiers or mutational
panels), or diagnostic surgical resection. Active surveillance without immediate intervention

is increasingly adopted for low-risk papillary microcarcinomas.

2.2.4 Clinical Challenges

Inter-reader variability. TI-RADS scoring requires assessing multiple sonographic features
that are often subtle, context-dependent, and subject to individual interpretation. Significant
inter-observer disagreement in feature assignment and risk categorization has been noted both
across and within institutions [CKK™10, PKJ"10], meaning that the same nodule can receive
different risk classifications and thus, different management recommendations depending on
who performs the reading.

Biopsy burden. Because TI-RADS is designed to be sensitive rather than specific,

a substantial proportion of biopsied nodules prove benign. Estimates suggest roughly 70—
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80% of FNA procedures yield benign cytology [Ros06], representing a large volume of
procedures carrying a real burden for patients such as procedural discomfort, anxiety, and
rare complications, as well as health system costs [KWZ18|. The indeterminate Bethesda
categories compound this problem further, as many patients with Bethesda III-IV results
undergo diagnostic surgery for nodules that are ultimately benign on histological examination
[PSWT21].

Diagnostic uncertainty. Even after FNA, the Bethesda III and IV categories leave a
meaningful fraction of patients without a definitive diagnosis. Molecular tests have reduced
unnecessary surgical rates for indeterminate nodules in settings where they are available, but
they add cost, depend on adequate specimen cellularity, and are not universally accessible.
Not to mention, they have high negative predictive values so do not confidently indicate

which cases actually require surgical intervention [KZ20].

2.3 Deep Learning for Medical Image Analysis

This section provides a technical overview on the deep learning architectures and frameworks
that form the methodological foundation of this dissertation. The following content should

provide sufficient background to understand the architectural choices made in later chapters.

2.3.1 Convolutional Neural Networks

Convolutional neural networks (CNNs) are the dominant architecture for visual recognition
tasks and remain central to medical image analysis. The core operation is the discrete
convolution: a learned filter K of small spatial extent is slid across the input image I,

computing a weighted sum at each location,

(1% Kiog) = Y0 32 1li+m, g 4] Klm, ]
where (1, j) is the output spatial position and (m,n) indexes the kernel elements. Weight
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sharing across spatial locations gives convolutions two important properties: 1) translational
equivariance (a feature detector fires wherever the relevant pattern occurs) and 2) parameter
efficiency (a single filter applied everywhere is far cheaper than a fully connected layer). In
practice, multiple filters are learned simulatenously to detect different local patterns, such as
edges or oriented textures, producing a multi-channel feature map.

Stacking convolutional layers allows the network to aggregate low-level features into
higher-level representations. Neurons in early layers have smaller receptive fields, responding
to fine-grained local patterns, while neurons in deeper layers integrate information from
larger image regions and capture abstract, global structure. Pooling layers condense spatial
resolution between convolutional stages, increasing the receptive field while building invariance
to small spatial shifts.

Training very deep convolutional networks is complicated by vanishing gradients. Gradients
propagated back through many layers become exponentially small, effectively immobilizing
early layers. Residual networks (ResNets) [HZRS16| resolve this with shortcut connections

that add the input of a block directly to its output,

y = ‘F(X’ {I/Vz}) + X,

where x and y are the block’s input and output, F(x, {W;}) is the residual mapping
learned by the stacked convolutional layers, and {W;} are their weights. This ensures that
gradients can flow through the identity path regardless of network depth. ResNets enable
stable training at depths of 50, 101, and 152 layers, and ResNet variants are often used as
feature extractors in image-based tasks.

The standard pipeline in supervised visual recognition begins with pretraining on ImageNet
[DDS*09], a dataset of roughly 1.2 million natural images spanning 1,000 object categories.
Weights learned during this pretraining can then be adapted, through fine-tuning, for the
target task, typically by replacing the final classification layer and continuing training on the

target dataset. The intuition behind this transfer learning paradigm is that early network
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layers learn meaningful edges and textures that are broadly generalizable across visual
domains. However, this intuition must be considered carefully, especially when understanding

applications in medical imaging.

2.3.2 Segmentation

Semantic segmentation assigns a class label to every pixel in an image. In medical imaging,
segmentation is used to delineate organs, lesions, and anatomical structures for downstream

clinical use cases.

The standard training objective is the Dice loss,

2PN G

£Dice =1- T
1P|+ |G

where P is the predicted binary mask, G is the ground-truth mask, and | - | denotes the
number of positive pixels. This measures the overlap between predicted and ground-truth
masks and is designed for medical segmentation where target structures are often small
relative to the image. In this medical domain, if we used pixel-wise cross-entropy loss, the
error would be dominated by the majority background class.

The U-Net architecture [RFB15]| introduced the design that remains the standard back-
bone for medical image segmentation. An encoder progressively reduces spatial resolution
while expanding feature channels, extracting increasingly abstract representations. Then, a
symmetric decoder restores pixel-level resolution for pixel-level classification. Skip connections
transfer high-resolution spatial information directly from corresponding encoder stages to the
decoder to help preserve fine structural detail that would otherwise be lost due to successive
downsampling.

Several architectural variants extend the U-Net design. Attention U-Net [OSF*18| adds
soft attention gates on skip connections to suppress spatially irrelevant activations. UNet+

[ZSTL18| replaces straight skip connections with dense sub-networks connecting all encoder-
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decoder pairs at the same resolution level, bridging the semantic gap between encoder and
decoder features. 3D U-Net extends the architecture to volumetric inputs by replacing all 2D

convolutions with 3D convolutions, enabling voxel-level prediction from CT or MRI volumes.

2.3.3 Multiple Instance Learning

Multiple instance learning (MIL) is a framework designed for weakly supervised settings.
Training data is organized into bags, each containing multiple instances, and only a bag-level
label is assigned. The network is trained to classify bags while localizing which instances

drive the bag prediction.

This paradigm translated naturally to medical image settings where annotation at the
"instance"-level is unavailable or impractical. For example, predicting whether there is a
malignancy somewhere across the images in a study, when only a study-level pathology label
is present.

Attention-based MIL (AMIL) [ITW18] replaces equally weighted instance aggregation
with a learned attention mechanism. A small attention network produces a scalar weight for

each instance,

exp{w" tanh(V )}
P exp{wT tanh(V h])}’

A =

where hy is the embedding of instance k, and w and V are learned parameters. The

bag-level embedding is then a weighted sum of instance embeddings,

z = E ay I,
k

which is passed to a classifier trained with the bag label. The learned attention weights
identify which instances are most informative, providing a form of interpretability without

instance-level supervision.
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2.3.4 Graph Neural Networks

Many problems in biomedicine, specifically within imaging, involve entities with an explicit
relational structure. For example, lymph nodes forming anatomical chains, image patches
related by spatial adjacency, or nodule observations from serial scans linked over time. Graphs
provide a natural representation, where nodes hold feature vectors encoding entities, and edges
encode relationships. Graph neural networks (GNNs) generalize the intuition behind image
convolution to this non-Euclidean domain by defining operations that aggregate information
from a node’s neighborhood.

Specifically, graph Convolutional Networks (GCNs) [KW17| update node representations

by computing a normalized sum over neighbors,

O+ — U(f)—mAD_m HO W(l)) ’

where H® is the matrix of node feature vectors at layer I, A = A + I is the adjacency
matrix with self-loops, D is the corresponding diagonal degree matrix, W is a learned weight
matrix, and o is a nonlinear activation function. Stacking layers propagates information
across multi-hop neighborhoods, so a k-layer GCN incorporates context from the k-hop
neighborhood of each node. Just as increasing image convolutional layers aggregate more
global information, more graph convolutional layers learn overall graphical structure.

Graph Attention Networks (GATs) [VCCT18| replace the uniform normalized aggregation

with learned, query-dependent attention weights,

a;; = softmax; (LeakyReLU (aT [Wh | Whj])) y

where h; and h; are the feature vectors of nodes ¢ and j, W is a shared linear projection
matrix, a is a learnable attention vector, |- || - | denotes concatenation, and «; is the normalized
attention coefficient from node j to node i. This allows the network to upweight informative

neighbors on a per-node basis.
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For graph-level prediction (as opposed to node-level), the node embeddings must be pooled
into a single fixed-size vector. Self-Attention Graph (SAG) pooling [LLK19] scores nodes via
an auxiliary network, selects the top-k£ highest-scoring nodes, and creates a subgraph from

the retained nodes. The procedure is summarized as

Yy = O'(AX @att> , select top-k nodes by score v,

where X is the node feature matrix, A is the symmetrically normalized adjacency matrix,
O, is a learnable projection vector, and y is the resulting scalar score for each node. The
procedure can be repeated hierarchically until the graph collapses to a compact representation

suitable for classification.

2.3.5 Vision Transformers

The transformer architecture [VSP17], originally developed for sequence modeling in natural
language processing, was adapted to image recognition by Dosovitskiy et al. [DBK™21]
through the Vision Transformer (ViT). The key design choice is representing an image as a
sequence of patch tokens. An image of resolution H x W is split into a grid of N = HW/P?
non-overlapping patches of size P x P; each patch is flattened and linearly projected to
a d-dimensional token embedding via a projection matrix £ € R® *O)xd where C' is the
number of image channels. A learnable positional encoding is added to inject spatial order,

and a special classification token x.s can be prepended,

20 = [xds; x;E; celd foVE} + Epos;
where :v; is the flattened pixel vector of the i-th patch and E, is the learnable positional

encoding matrix.
The token sequence is processed by a stack of transformer encoder blocks, each consisting

of multi-head self-attention followed by a position-wise MLP, with layer normalization and
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residual connections around each sub-layer. Multi-head self-attention computes, for each

head,

. QK"
Attention(Q, K, V') = softmax V,
Vdy,

where (), K, and V are the query, key, and value matrices obtained by separate linear
projections of the token embeddings, and dj, is the dimensionality of the key vectors (used to
prevent dot products from growing large in magnitude).

The important property of self-attention is its global receptive field, where every token
attends to every other token from the very first layer. This method contrasts with convolutions,
which build up receptive fields gradually through depth. The absence of this spatial inductive
bias makes ViTs more expressive, as they can model any pairwise relationship in the image,
but are also more data-hungry. Thus, the advantage of ViTs typically appears at scale, when

pretrained on large datasets or with self-supervised learning objectives.

2.4 Self-Supervised Learning

2.4.1 Core Motivation

Self-supervised learning (SSL) defines a pretext task that generates a training signal directly
from unlabeled data, without requiring human annotation. Rather than predicting pre-
determined labels, a model is trained to predict some aspect of the data that can be derived
heuristically, such as a masked region, a future patch, or a different augmented view of the
same image. The intuition is that solving a "sufficiently" challenging pretext task forces the
model to learn representations that capture the semantics of the data.

The motivation in medical imaging is quite clear. Expert annotation, for segmentation
masks, lesion classifications, or pathology diagnoses, requires clinical training and significant

time. This drawback creates a fundamental bottleneck on supervised learning. Most healthcare
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systems accumulate large archives of unlabeled imaging data that supervised methods cannot
exploit. SSL makes these datasets usable - a model pretrained on millions of unlabeled scans

can then be fine-tuned on the small labeled set available for a specific task.

2.4.2 Three Training Families

Reconstruction methods. Masked autoencoders (MAE [HCX*21]) and related methods
(BEiT [BDPW22|) train a model to reconstruct portions of the input that have been randomly
masked out. A large fraction of the input patches are removed, and the model must predict
the missing content from the remaining visible context. MAE reconstructs raw pixel values
and BEIT instead predicts discrete visual tokens generated by a separate tokenizer. In either

case, the reconstruction loss over masked patches M takes the form

1 .
L= W Z 22 — 213,

peM

where z,, is the original content of masked patch p and 2, is the model’s reconstruction.
Masking forces the model to learn a component of the spatial structure and semantic context
of the full image from partial observations. The high masking ratio means that nearby visible
patches are insufficient to reconstruct the masked ones by simple interpolation so the model
must develop an understanding of global structure. These methods are computationally
efficient at inference because the encoder only processes the visible (unmasked) tokens.

Joint Embedding Architectures (JEAs). Rather than operating in pixel space, JEAs
train the model in a latent embedding space. Two augmented views of the same image,
generated by applying random crops, color jitter, blur, and other transformations, are encoded
separately. The objective pulls their representations together. The intuition is that a good
representation should be invariant to augmentations that preserve semantic content.

Contrastive methods (SimCLR [CKNH20a|, MoCo [HFW*20]) make this concrete by

additionally pushing apart embeddings of different images, preventing the trivial collapse
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solution in which all inputs map to the same vector.

Non-contrastive methods (BYOL [GSA'20], DINO [CTM*21al) avoid explicit negative
pairs. Instead, they use asymmetric architectures, typically through an online network and
a momentum (EMA) teacher network, combined with stop-gradient operations to prevent
collapse without requiring negative samples. DINO trains a student network to match the
output distribution of a teacher network, with the teacher’s outputs sharpened and centered

to prevent collapse:

£DINO = — Z Pt(ZL‘,) 10g Ps(l'/),

z'e{xl b}
where 2} and 2% are two augmented views passed through the teacher, 2’ indexes these
views, and P;(-) and P(-) are the sharpened softmax output distributions of the teacher and

student networks evaluated on the given view.

Joint Embedding Predictive Architectures (JEPAs). Introduced with I-JEPA
[ADM™23] and extended to video with V-JEPA [BGP*24|, JEPAs draw from elements of
masked modeling and joint embedding methods; however, they contain their own distinctions.
Given a set of visible context patches, a context encoder produces a set of embeddings. A
predictor then uses these embeddings to predict the latent representation of masked target
patches in the output space of a separate target encoder. The key point here is that this
prediction does not happen in pixel space. The training objective minimizes the prediction

error in the representation space:

1
L1 jEpA = Il ZHSG(ET) - ZTH;’
TET

where T is the set of target blocks, sy is the predictor, Z, is the context encoder’s output
conditioned on the target’s position, and z, is the target encoder’s representation of the
masked block. Because prediction targets are embeddings rather than raw pixels, the model

is not penalized for failing to reconstruct low-level details that may be irrelevant to semantics.
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JEPASs also avoid using explicit augmentation invariances (so they do not necessarily require
train-time transformations), instead letting the model learn which variations to abstract over
from the structure of the data. This design trait is particularly relevant for medical imaging,
where domain-specific augmentations are more difficult to curate and generally underexplored

compared to natural image settings.

2.4.3 Supporting Concepts

Several concepts are essential for understanding SSL in practice, and are referred to in this

Introduction and later chapters.

Augmentation invariance: JEA methods train models to produce similar representa-
tions for different augmentations of the same image. These augmentations may present as
random crops, color jitter, Gaussian blur, horizontal flipping. The specific augmentation set
encodes an assumption about what variations should be treated as irrelevant to semantics.
For example in natural imaging, color jitter is reasonable (a cat is a cat regardless of light-
ing); in medical imaging, modifying intensity values may unintentionally modify diagnostic
meaning as this feature directly effects interpretation. Thus, depending on the type of input,

augmentation choices must be made carefully.

Representation collapse: A typical source of failure during training is collapse, in
which the model learns to map all inputs to the same representation. This solution may
trivially satisfy any similarity objective, but prevents the model from learning any meaningful
representations. Contrastive methods prevent collapse with negative pairs. Non-contrastive
methods prevent it through asymmetric architectures (stop-gradient and/or EMA encoder),

centering operations, and prediction tasks that are engineered to be non-trivially satisfied.

EMA (exponential moving average) encoder: Many SSL methods use a slowly
evolving target network whose weights are an exponential moving average of the online

(student) network,
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9t<—m9t+(1—m)937

where m € [0,1) is a momentum coefficient (typically 0.996-0.9999) and 6 are the online
network weights. The EMA encoder provides a stable prediction target that changes slowly
as training progresses. This component is important because if both networks are updated
simultaneously by gradient descent, the optimization landscape can become unstable. A
prime example of this in practice is in the DINO and I-JEPA frameworks, where the teacher
encoder is updated with an EMA of the student.

Linear probing: A standard evaluation protocol for SSL representations is linear probing
(Figure 2.3). In this setup, the pretrained backbone is frozen, and a single linear classifier is
trained on top of its output embeddings using labeled data. Because the backbone cannot
adapt, linear probing isolates the quality of the learned representation. A high linear probing
accuracy indicates that semantically meaningful information is linearly separable in the
learned embedding space.

Fine-tuning. In fine-tuning evaluation, all backbone weights are updated starting from
the pretrained initialization (Figure 2.3). This measures the representation’s usefulness as
a starting point when adapated for task-specific situations. This method is typically the

evaluation that matters most for real-world, downstream applications.

2.4.4 Foundation Models

A foundation model is a large model pretrained on broad data at substantial scale, designed
to transfer to many downstream tasks with minimal task-specific supervision [BT21]. The
defining properties, particularly from the lens of what makes them useful, can be defined by

the following;:

e Breadth: supports diverse downstream tasks, such as recognition, segmentation, detec-

tion, and retrieval, ideally without major task-specific architectural modifications.
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Figure 2.3: Linear probing versus full fine-tuning evaluation protocols. Adapted from
[HCX*21].
e Sample efficiency: the pretrained representation reduces the labeled data needed for

fine-tuning. A strong foundation model should achieve competitive performance with a

small fraction of the labeled data required to train from scratch.

e Robustness: the representation generalizes to distribution shift better than narrow
task-specific models. In medical imaging, this shift may present as images from different

acquisition protocols, institutions, or populations.

o Emergent Capability: behaviors that arise from scale and were not explicitly optimized
during pretraining. For example, the parameter scaling advancement from GPT-2 to
GPT-3 allowed for in-context learning, where an LLM could be adapted to a downstream

task with an additional prompt [BMR*20].

The foundation model paradigm was established in natural language processing. BERT
[DCLT19| demonstrated that masked language modeling, in which randomly masked tokens

are predicted from bidirectional context using a transformer encoder, yields general-purpose
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language representations that can be fine-tuned to achieve state-of-the-art performance across
diverse language benchmarks with minimal task-specific modification. GPT [RWC™19] and
following advancements showed that autoregressive generation, predicting the next token,
scales to very large models with increasingly broad and emergent capabilities, enabling
few-shot and zero-shot task completion from natural language prompts. Together, these
systems established the future template - scale plus self-supervision can yield representations

that transfer broadly.

SSL is the dominant pretraining strategy for vision foundation models. We can leverage
large unlabeled datasets to remove the annotation bottleneck, and self-supervised objectives
yield robust representations. CLIP [RKH*21| uses contrastive pretraining on image-text pairs
from the internet, learning aligned image and language embeddings. DINO [CTM*21a| and
its successor DINOv2 [ODM™24] apply self-distillation with no labels on large curated image
collections, producing features with strong spatial properties that support segmentation,
detection and global image classification. The Segment Anything Model (SAM) [KMR 23]
was trained on over one billion masks and implements a promptable segmentation interface.
SAM represents the first general-purpose segmentation foundation model and has seen rapid

adoption as a backbone for interactive annotation and downstream segmentation tasks.

Foundation models in medical imaging: SSL-based pretraining has seen rapid uptake
across medical imaging. In computational pathology, models such as UNI [C*24] and Virchow
[V*24] are pretrained on millions of whole-slide image patches and transfer broadly across
cancer types, staining protocols, and downstream tasks. In radiology, vision-language models
such as BioViL-T [BHL 23| and BiomedCLIP [ZXU™23]| leverage paired imaging and clinical
text, while modality-specific models such as CT-CLIP [H*24] use large CT archives for

self-supervised pretraining.

Nevertheless, there are still largely unresolved pain points within this field of research.
What constitutes a generalized medical imaging foundation model remains an open question.

Strong performance on one task or organ does not reliably generalize across the full breadth of
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medical imaging. Standardized evaluation benchmarks are needed to systematically compare
pretraining strategies, and the relationship between pretraining scale, data diversity, and
downstream performance is not well established in the medical domain. Questions regarding
which SSL objectives are best suited to which imaging modalities is another underexplored
avenue of research. In this dissertation, we begin answering such questions within the context
of ultrasound imaging, while laying the methodological groundwork and questions for future

research to tackle.
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CHAPTER 3
From Bench to Bedside: How Artificial Intelligence

Is Changing Thyroid Nodule Diagnostics

Associated Publications: Sant, V. R.*, Radhachandran, A.*, Ivezic, V., Lee, D. T., et
al. (2024). From Bench-to-Bedside: How Artificial Intelligence is Changing Thyroid Nodule
Diagnostics, a Systematic Review. The Journal of Clinical Endocrinology & Metabolism,

109(7), 1684-1693.

Use of artificial intelligence (AI) to predict clinical outcomes in thyroid nodule diagnostics
has grown exponentially over the past decade. The greatest challenge is in understanding
the best model to apply to one’s own patient population, and how to operationalize such a
model in practice. A systematic literature search of PubMed and IEEE Xplore was conducted
for English language publications between January 1, 2015 and January 1, 2023 studying
diagnostic tests on suspected thyroid nodules that utilized Al. A total of 61 studies were
identified; all performed external validation, sixteen studies were prospective, and 33 compared
a model to physician prediction of ground truth. A diagnostic pipeline was abstracted, yielding
five high-level outcomes: (1) nodule localization, (2) ultrasound risk score, (3) molecular
status, (4) malignancy, and (5) long-term prognosis. Models predominantly used ultrasound
images to predict malignancy. Of four FDA-approved products, only S-Detect was extensively
validated. Implementing an Al model locally requires data sanitization and re-validation to

ensure appropriate clinical performance.
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3.1 Introduction

Thyroid nodules are highly prevalent, affecting over 50% of people above the age of 50 [MWB55,
WC97]. Increasingly, their discovery may be incidental, given the increased use of cross-
sectional imaging [HLM*15]. Nodules may span the diagnostic spectrum from benign and
asymptomatic, to symptomatic, to cancerous. Diagnostic workup often involves several steps,
associated cost, and resultant patient anxiety [HGM*82, KWZ18, PSW*21].

Ultrasound (US) and fine needle aspiration (FNA) biopsy have been the gold standard
for thyroid nodule assessment, but performance and interpretation are plagued by vari-
ability across physicians interpreting US findings, performing the FNA, and interpreting
cytology, yielding frequent inadequate or indeterminate results [PKJ*10, CA17]. Assess-
ment of a thyroid nodule represents an area where technology may offer opportunities for
improvement [BPAT21]. With the development of new techniques and greater accessibility of
computational power, artificial intelligence (AI) has been applied by thyroid researchers over
the past decade to automate nodule localization and improve risk stratification, in order to
decrease operator variability and the need for potentially unnecessary biopsies or diagnostic
surgery [TT23|.

Numerous Al models have been proposed in the literature, but the greatest challenge
is in understanding a model’s applicability to one’s own patient population, and how to
operationalize such a model in practice. Efforts have been made to identify available
models. Toro-Tobon et al. systematically identify manuscripts applying Al to various thyroid
conditions, reporting on model performance and stage of development. Similarly, Taha et al.
review a selection of 18 Al models in thyroid diagnostics. Ludwig et al. report on a selection
of 33 models utilizing AT to diagnose and classify thyroid nodules [TTLTD"23, TSTM*23,
LLM™*23|. However, these reviews do not systematically assess relative model strength and
external validity, making assessment of future or external performance difficult. Our aim
is to perform a systematic literature review to identify and compare the various Al models

developed for thyroid nodule diagnostics, their relative strength and external validity, and
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1,007 Records identified from PubMed and IEEE Xplore
22 Duplicate records removed
985 Article titles and abstracts screened

537 Articles excluded (irrelevant)
448 Articles assessed for eligibility

387 Articles excluded
245 Not prospective or external validation
methodology
61 No nodule
46 Not an original article
14 Experimental
9 No novel Al
8 Article type not relevant (commentary, reply,
errata)
4 Paper not available

61 Studies included in review

Figure 3.1: Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA)
Flow Diagram. Meta-analysis was not performed as part of this review.

the clinical inputs utilized for each outcome predicted.

3.2 DMaterials and Methods

3.2.1 Systematic Literature Search

An inclusive query was developed and then refined to ensure that known relevant articles
appeared in the results. The PubMed and IEEE Xplore databases were queried with the
following terms: (artificial intelligence OR machine learning OR deep learning OR neural

network) AND (thyroid). The search was restricted to English language papers published on
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or after January 1, 2015 through the search date, January 1, 2023. Titles and abstracts were
screened for relevance (985 studies), followed by full-text review (448 studies) to determine
inclusion. During full-text review, relevant articles identified in citations were reviewed for
inclusion. The PRISMA flow diagram [PMB*21| denotes the number of studies excluded at

each step (Figure 3.1).

3.2.2 Study Selection

We included original research studying diagnostic tests on suspected thyroid nodules that
utilized AI. Al techniques included non-deep learning (e.g., regression, decision tree, random
forest) and deep-learning (e.g., neural network) techniques. We excluded articles without
prospective or external validation, non-primary literature, duplicates, focused on non-nodular
thyroid conditions, not using Al, and those incidentally utilizing Al in support of an experi-

mental diagnostic outside standard clinical practice (e.g., spectrometry, spectroscopy).

3.2.3 Data Abstraction and Analysis

Each paper was independently reviewed by two of three authors (V.S.; A.R., and V.I), first
for inclusion, then for data extraction, and discrepancies were addressed by discussion. Details
including sample size, study design, statistical methods, AI methodology, clinical inputs, and
outcome predicted were tabulated and level of evidence was rated according to the Oxford

Centre for Evidence-Based Medicine |[OCE].

3.3 Results

In total, 61 studies were included (Table 3.1). Oxford level of evidence ranged from 2-3
(Table 3.3). In total, 61 studies met the inclusion criteria of including external validation.
Of these, 33 also compared the model’s performance to physician assessment (physician

comparison). Of the 61 studies, 16 were prospective in study design. The intersection of
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Figure 3.2: Intersection of study designs. This Venn diagram quantifies the different combi-
nations of study designs captured in this review.
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Figure 3.3: Clinical workflow with resultant data inputs and predicted outcomes. A diagnostic
pipeline was abstracted from the papers starting with known clinical steps and culminating
in five high-level predicted outcomes. If a certain input modality was included in a paper for
one of the predicted outcomes, the corresponding data collection box had an arrow pointing
out that outcome.

study designs is shown in Figure 3.2. Statistical validation of model stability was reported in
50 papers (Table 3.3).

Starting with known clinical steps, a diagnostic pipeline was abstracted from the papers,
representing the clinical data collected and used in Al-models, and the resultant Al-predicted
outcomes (Figure 3.3). The distribution of data inputs used to predict clinical outcomes is
visualized in Figure 3.4. Additional details on the four FDA-approved thyroid Al diagnostic
solutions are reported in Table 3.2. The following five high-level abstracted outcomes were

used to organize reporting of the remaining results.
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Figure 3.4: Distribution of data inputs used to predict clinical outcomes. Each paper was
categorized by data input and predicted clinical outcome. If a paper was multi-input or
multi-outcome, it was counted for each input-outcome combination.

3.3.1 Nodule Localization

Localization of nodules in ultrasound images was assessed by five papers [NZT22, CBP*17,
KHH19, YYY*20, LHC"21]|. Localization was performed through the tasks of detection and
segmentation. Detection involves identifying an image region that contains the object of
interest. To create training labels for the ultrasound studies, radiologists annotated nodules
on ultrasound images with rectangular bounding boxes to serve as ground truth for model
training [KHH19|. Segmentation involves identifying the specific contour of the object of
interest. To create training labels, radiologists manually contoured nodules on ultrasound
images to serve as ground truth for model training [NZT*22, YYY*20|.

The goals of such models were two-fold: (1) to improve speed and standardization in
determining whether an image had thyroid nodules present, and (2) to focus feature extraction
on suspected nodule regions for use in downstream tasks. For instance, Yang et al. [YYY"20]

found that a model trained to predict malignancy from ultrasound images performed better
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when trained with nodule-focused features.

Prospective localization studies used Samsung’s commercial computer aided diagnosis
(CAD) software, S-Detect, which first requests users to perform detection [CBPT17, WZW*20,
BSBW*20, XYZ"19, JKH"19, YHC*18, HZL"22|. S-Detect then uses Al to propose seg-
mentation masks for the user to choose from, before generating an Al-based US risk score and
malignancy prediction. Despite the effort to improve standardization through semi-automated
segmentation, Jeong et al. [JKH'19| found that when the CAD was used by experienced
radiologists, it performed better than when used by less experienced radiologists. They
concluded that persistent performance variability was likely due to user variability, even in

choosing among segmentation candidates.

3.3.2 Ultrasound Risk Score

Sixteen papers predicted sonographic features associated with risk of malignancy or a com-
posite score such as the American College of Radiology Thyroid Imaging Reporting and
Data System (TIRADS) [CBP*17, KHH19, LHC*21, WZW*20, XYZ"19, JKH"19, YHC™"18,
HZL*22, CWB*17, GLJ"18, BCY 120, DDJ*20, ZLR ™22, HHP21, CFS*23, STN*22|. Sono-
graphic risk stratification systems aim to decrease variability in reporting nodule features and
estimating malignancy risk, but inter- and intra-reporter variability persist [CBP*17]. These
papers used Al to decrease variability further, reduce the burden on physicians manually
assessing a score, and improve US risk score performance.

Six papers prospectively validated the commercial product S-Detect, which predicts
sonographic features as well as malignancy [CBP*17, WZW 20, XYZ*19, JKH*19, YHC™18§].
Wei et al. [WZW'20] found that less experienced radiologists benefited most from S-Detect
assistance, bringing their TTRADS assessments in-line with those of experienced radiologists,
which were considered as ground truth. Choi et al. [CBPT17| and Xia et al. [XYZ"19|
found substantial agreement between S-Detect and experienced radiologists for all feature

predictions apart from margin. Jeoung et al. [JKH"19| and Yoo et al. [YHC'18| reported
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similar results with discrepancy in composition and spongiform features, respectively.

Cui et al. prospectively evaluated AI-TIRADS, a machine learning (ML) model that
reassigned new values to constituent TIRADS features in an effort to preserve model ex-
plainability [CFS*23]. They compared its performance to ACR’s original (2017) version of
TIRADS, and found a lower rate of unnecessary FNA (41.0% vs 47.8%) and missed cancer

diagnosis (22.8% vs 27.5%).

3.3.3 Molecular Status

Testing tumors for genetic alterations and assessing differential RNA expression has proven
helpful in predicting malignancy, tumor aggressiveness, and response to targeted therapy,
but cost prohibits their routine use [CYZM21, BKK"20]. Two papers used Al to predict
molecular status opportunistically from routinely obtained clinical inputs such as ultrasound,
to provide an alternative: Anand et al. [AYK"21] and Dolezal et al. [DTL"21| analyzed
cytology and surgical pathology slides to predict high-risk mutations. Dolezal et al. [DTL*21]
took this one step further, externally validating their model to predict BRAF-RAS gene
status (area under the receiver operating characteristic curve (AUC) 0.97) and non-invasive
follicular thyroid neoplasm with papillary-like nuclear features (NIFTP), a liminal diagnosis

with high inter-observer variability.

3.3.4 Malignancy

The majority of papers (51) predicted malignancy, aiming to improve speed and reliability of di-
agnosis and to avoid unnecessary biopsies for patients [CBP*17, KHH19, YYY 20, LHC*21,
WZW*20, BSBW*20, XYZ*19, JKH*19, YHC'18, HZL*22, HHP21, CFS*23, STN*22,
BKK*20, DTL*21, PHK*16, WLS"18, LZZ*19, PHS*19, SCM*19, KLH*20, LYLC20,
S7Z7+20, WGY 120, ZWCW20, ZDJ*"20, ZJD*20, ZWT20, BTS*21, LCJ*21, PKOK21,
PLL*21, ZZL*21,2ZY*21,ZAJ*21, ZJB*T21, ZDJ 22, HCS*22, JMK*22, JPO*22, KLM*22,
KCH"22, LDY*22, RSH22, WWL"22, WXL22, XWW*122 YPW*23, CYZM21]|. Malig-
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nancy predictions used either of two sources as ground truth: cytology (FNA) and surgical
pathology (resection). Several papers used both, although none to our knowledge included
nodules that were not biopsied and presumed benign sonographically. Most studies excluded
cytologically indeterminate (Bethesda III or IV) nodules from their analysis, with only 5
papers including them for evaluation [STN122, KLM*22, JPO22, LDY 22, YPW*23].

All 16 prospective studies assessed malignancy, including seven that evaluated the com-
mercial product S-Detect. Barczynski et al. [BSBW120] and Wei et al. [WZW*20] found
S-Detect had greater sensitivity and specificity in predicting malignancy from ultrasound
compared to a junior physician, but less compared to a senior physician. Performance of junior
physicians improved significantly when assisted by Al, but senior physician performance did
not. Choi et al. [CBP*17] found S-Detect to have similar sensitivity but lower specificity
and AUC compared to an experienced physician. Xia et al. [XYZ19] found similar results,
and in subgroup analysis noted a shortfall in model performance specifically with malignant
nodules (PTC or FTC). Jeong et al. [JKH'19| noted lower specificity compared to senior
physicians only, as well as operator dependence of CAD performance as noted above. Yoo
et al. [YHC*18| found that a CAD-assisted physician had higher sensitivity (92.0%) than
either physician (84.0%) or CAD (80.0%) alone, and Huang et al. [HZL*22] found a similar
result across all physician experience levels. Although there was no universal definition of
experience level, “senior physicians” were typically those with > 9-20 years of experience

with thyroid ultrasound.

AI-SONIC is a commercial CAD that completely automates nodule detection, but is
not currently approved for use in the US. Zhang et al. [ZWCW20| prospectively studied Al-
SONIC, finding that compared to a senior physician, the CAD had similar specificity (86.0%
for both) but lower sensitivity (71.5% vs. 95.2%) and AUC (0.79 vs 0.91). However, they
noted that sensitivity improved for both senior and junior physicians when assisted by CAD
(95.2% vs 97.8% and 75.3% vs 88.2%, respectively). For non-papillary follicular-patterned
lesions, Wang et al. [WXL122| found that AI-SONIC had greater specificity (0.802) than
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radiologists of all experience levels (0.549 for junior, 0.533 for mid-level, 0.478 for senior).
However, the senior radiologist again outperformed the Al in terms of sensitivity (0.898 vs

0.729). Xu et al. [XWW*22| found a similar pattern.

Of the prospective studies, Kim et al. [KCH*22] and Yoo et al. [YHC"18] used cytology
alone as malignancy ground truth, seven papers [BSBW120, CFS*23, ZWCW20, ZZY 21,
WWL22, WXL*T22, XWW*22| used surgical pathology alone, and the rest used a more
balanced mix of both, reflecting the respective potential biases as described above. One paper
reported receiving funding from Samsung to study S-Detect [CBP*17| but the remaining

prospective studies reported no industry conflicts of interest.

3.3.5 Long-Term Prognosis

Long-term prognostic cancer outcomes were characterized by seven papers, including metas-
tases [BKK*20, WYJ22, YWL"22, AAMMAA 23, ZSS*22| and recurrence /survival [CYZM21,
SLL*22a]. Thyroid cancer prognosis currently involves dynamic risk stratification, whereby
initial risk is assessed from operative and histopathologic findings and modified over a sub-
sequent time interval using clinical evidence of tumor response. Al models tried to predict
tumor biology from the outset, with the aim of allowing the physician to better counsel the
patient before surgery regarding anticipated cancer aggressiveness, lymph node metastases,
and need for adjuvant treatment. Most models used as inputs imaging or genetic data alone,

while Zou et al. additionally utilized clinical variables [ZSST22].

Bhalla et al. [BKK™20] identified a 36 gene panel that could predict American Joint
Committee on Cancer (AJCC) staging as I/II vs III/IV with PPV 84% and sensitivity 76%.
Chen et al. [CYZM21]| trained and externally validated a model using DNA methylation data
and were able to better predict overall survival than could be done through tumor, node,

metastases staging.
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3.4 Discussion

The past decade has seen a major push to deliver on the promise of Al to improve physician
workflow, patient outcomes, and healthcare delivery. Physicians may benefit from faster,
standardized, and less burdensome processes to predict nodule localization, sonographic
features, and malignancy risk, and can more appropriately counsel patients regarding extent
of surgery and de-escalation of care. Patients may avoid unnecessary biopsies and benefit from
improved diagnostic accuracy, decreased need for diagnostic surgery, and clearer expectations
for long-term prognosis. Healthcare may be delivered at lower cost as information later in
the diagnostic pipeline is predicted opportunistically from routinely obtained data, and task

automation allows healthcare providers to practice at the top of their scope.

3.4.1 The AI-Empowered Physician

For physicians who wish to use a commercial Al solution, four CADs have been approved
by the FDA: AmCAD-UT, S-Detect, Koios DS, and MEDO-Thyroid, as reviewed in further
detail in Table 3.2. Although none are currently in widespread clinical use, S-Detect has

undergone the most extensive validation.

Sonographic risk stratification and malignancy prediction, outcomes with significant
clinical impact and the most readily available data, received the most attention in analyzed
papers. Specifically with commercial CADs, S-Detect had difficulty with automated margin
and composition prediction. AI-SONIC had comparable or better specificity but worse
sensitivity than experienced radiologists. However, rather than trying to replace a physician,
the greatest value appeared to be in democratizing care via the concept of the “Al-empowered
physician.” Studies found that the Al-empowered physician performed better than physician
or Al alone. Several studies found that inexperienced physicians with Al-assistance made
malignancy predictions with similar accuracy as experienced physicians. This use of Al has

tremendous potential to enable patients at non-specialized centers to receive similar diagnostic
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care as patients presenting to tertiary-care centers. The biggest barrier to widespread adoption
is the need for pilot testing in each local environment to identify how Al can provide the

greatest benefit (e.g., time, staffing, or quality improvement).

How a paper chose their data source for malignancy prediction affected potential bias.
Some papers used cytology alone, others used surgical pathology alone, and some used both.
Using surgical pathology alone limited data to patients who required surgery, typically those
with larger nodules or higher suspicion of malignancy. Papers that used cytology alone had
more benign cases, but could not account for false negative biopsies, and typically excluded
indeterminate results. Thus, caution should be used when extrapolating the findings of such

papers beyond the population evaluated.

Although the literature is inundated with retrospective studies reporting successful nodule
localization techniques, few validated these approaches prospectively or externally. In fact,
most commercial CADs do not entirely automate nodule localization, reflecting that real-world
segmentation is not easy to automate. Additionally, nodule localization is an important
technical intermediary step but not a critical clinical endpoint, which may explain the dearth

of prospective or external validation studies.

Molecular prediction was externally validated in fewer papers, reflecting the recency of
molecular testing gaining mainstream utility. In most countries outside the US, molecular
testing for indeterminate nodules has not entered routine practice. Although opportunistic
molecular prediction has strong clinical potential, lack of data access may hold up practical
application. Long-term outcome prediction suffered similar inattention. Although opportuni-
ties to develop such datasets are not limited by the same logistical and financial issues as
molecular testing, maintaining long-term oncologic follow-up requires significant effort. This
data curation issue likely drove researchers to assess other more readily available outcomes.
Moreover, as a later stage in the clinical pipeline, it may have appeared comparatively

lower-value in a disease with generally good prognosis.
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3.4.2 The Ideal AI Model

Critical review of an Al model’s versatility requires assessment of several criteria including
performance on prospective and external datasets, statistical validity, adequate training cohort
size, and evaluation of bias in the training dataset. Utilizing a standardized methodology
for model evaluation allows one to better distinguish clinically effective tools from poorly

designed ones.

Models solely trained and evaluated on single retrospective datasets have uncertain
external validity. Prospective evaluation and external validation promote exposure to unseen
data, which can help uncover overfitting and bias. Beyond robust study design, reporting
statistical validity through bootstrapping and cross-validation is important to understanding
model stability. Of the reviewed papers, 82% included a confidence interval, standard error,
or p-value with their metrics of model performance. Such reporting helps evaluate variation
in model performance on different data subsets, giving greater confidence in a model’s

performance on varied real-world data.

Next, sample size and dataset curation must be considered. A minimum sample size
is typically necessary to ensure data diversity, although numbers are application-specific.
However, even large datasets may yield limited diversity due to poor dataset curation and risk
developing models that are overfit to idiosyncrasies unique to the training data. Validation
of an Al model should be performed on a dataset that closely reflects the expected real-world
use case. For example, most validation studies excluded cytologically indeterminate nodules,
which comprise a significant portion of real-world thyroid nodule FNA results; thus, expected
performance of existing Al models for such patients remains unclear. Similarly, given the low
overall prevalence of malignancy in thyroid nodules, it is important that a validation dataset
reflects this pattern as well. Some studies artificially balance the frequency of benign and
malignant cases for model training, and use similar proportions during model validation, not
recognizing that these validation results may not reflect performance in the expected target

population.
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Rigorous implementation of these methods is intensive but crucial to improving confidence
in real-world validity of an Al model. While we see their utility in thyroid nodule diagnostics,

they apply even more broadly in advancing Al-powered diagnostics in other disease domains.

3.4.3 Future Directions

We anticipate the next decade to yield both advancements in Al research applications as well
as improvement in integration of Al solutions into mainstream clinical practice.

As seen in Figure 3.4, few studies leveraged rich data modalities such as clinical variables
and cytopathology slides. Future technical innovations should aim to integrate multiple data
sources in a multimodal approach that could emulate a physician’s synthesis of all available
clinical data to provide the most accurate prediction. Along a similar vein, future methods
leveraging ultrasound should explore the impact of multiple frames (through cine clips or
sampling full image studies) in improving automated diagnosis performance. Given that in
clinical practice physicians make use of multiple views of a nodule to make a diagnosis, this
could address a limitation of most existing CAD systems that rely on manually-selected, single
frame inputs. Several outcomes have also received minimal attention, such as prediction of
molecular status and long-term outcomes, although they have high clinical value. Expanding
data access through more effective data-sharing and publication of open-source datasets
will enhance research replication and refinement of existing methodologies. Lastly, stronger
collaboration between computational researchers and clinicians will ensure that the most
important clinical problems are addressed, and that models are designed most effectively.

Regarding clinical integration, four commercial CADs are FDA-approved for use but no
reports in the literature mention their routine clinical use, to our knowledge. Each takes
slightly different inputs and has slightly different strengths and potential use cases. Building
physician trust and adapting to local practice variation will be the two most important
steps to enabling integration of Al solutions into mainstream clinical use. Deep learning

models in particular can appear to some as a “black-box”, and in the absence of thorough
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external validation, may engender physician mistrust in the predicted results. Tools such as
Gradient-weighted Class Activation Mapping (Grad-CAM) to visualize influential regions in
an input image may help overcome this issue [HCS'22|. Even without obvious explainability,
rigorous prospective and external validation may help physicians eventually feel comfortable
using a model.

The second important hurdle to overcome is local variation. Institutions use different
ultrasound machines, serve patients with differing characteristics, and utilize different work-
flows. In contrast, training datasets used to train Al models are often “idealized” in that they
lack artifacts and noise, furthering the need for effective, real-world validation. Integration of
AT will require careful local stakeholder and workflow analysis to select the most impactful

value proposition for that site, as well as infrastructure to locally pilot models.

3.4.4 Limitations

The included studies had significant heterogeneity in model technique, data sources, and
outcomes predicted. As a result, direct comparison between studies was not possible. While
papers were limited to English language, most models were trained on datasets from China,
Korea, or India, where screening and surgical practices are notably different compared
to the United States and FEurope. This challenges model validity outside their respective
environments. Even within a similar clinical environment, implementing a model locally
requires data sanitization, re-validation, and potential retraining to ensure performance.
We identified 61 studies utilizing Al to predict thyroid nodule-focused outcomes, of which
16 were prospective, 61 performed external validation, and 33 performed physician-comparison.
Models using ultrasound images to predict malignancy predominated, and one of the four
FDA-approved CADs (S-Detect) was extensively validated. Further validation and integration

into clinical workflow will help models achieve greater clinical utility.
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Table 3.1: Included articles and outcomes assessed.

Source by outcome

Outcome ground truth

Nodule localization

Nie et al., 2022 [NZT*22]

Nodule contour

Ultrasound risk score

Chi et al., 2017 [CWB*17]
Duan et al., 2020 [DDJ*20]
Zhang et al., 2022 [ZLR 22|
Gao et al., 2018 [GLJ 18]
Bai et al., 2020 [BCY+20]

US risk score
US risk score
US risk score
US risk score

US risk score

Molecular status

Anand et al., 2021 [AYK™21]

Molecular test

Malignancy

Pankratz et al., 2016 [PHK'16]
Wang et al., 2018 [WLSt18]
Song et al., 2020 [SZZ20]
Zhou et al., 2020 [ZJD*20]
Zhou et al., 2020 [ZWT20]
Bohland et al., 2021 [BTS*21]
Lee et al., 2021 [LCJ*21]

Park et al., 2021 [PKOK21]
Zhang et al., 2021 [ZZL*21]
Jia et al., 2022 [JMK*22]

Jin et al., 2022 [JPO+22]
Keutgen et al., 2022 [KLM*22]
Liu et al., 2022 [LDY*+22]
Randolph et al., 2022 [RSH*22]
Li et al., 2019 [LZZ*19]

Park et al., 2019 [PHST 19|

Surgical pathology

Surgical pathology

Cytology

Cytology

Cytology

Surgical pathology

Cytology

Surgical pathology

Cytology

Surgical pathology
Cytology, surgical pathology
Surgical pathology

Cytology

Surgical pathology
Cytology, surgical pathology

Cytology, surgical pathology

Continued on next page

47



Table 3.1 — continued from previous page

Source by outcome

Outcome ground truth

Song et al., 2019 [SCM 19|
Koh et al., 2020 [KLH"20]
Wei et al., 2020 [WGY*20]
Zhang et al., 2020 [ZDJ*20]
Zhu et al., 2021 [ZAJ*+21]
Zhu et al., 2021 [ZJBT21]
Zhu et al., 2021 [ZDJ+22]
Han et al., 2022 [HCS*22]
Yang et al., 2022 [YPW 23]
Barczyriski et al., 2020 [BSBW*20]
Liang et al., 2020 [LYLC20]
Zhang et al., 2020 [ZWCW20]
Peng et al., 2021 [PLL*21|
Zhu et al., 2021 [ZZY121]
Kim et al., 2022 [KCH'22]|
Wang et al., 2022 [WWL*22]
Wang et al., 2022 [WXL*122]
Xu et al., 2022 [XWW+22]

Cytology, surgical pathology
Cytology, surgical pathology
Surgical pathology

Surgical pathology
Cytology, surgical pathology
Cytology

Cytology, surgical pathology
Cytology, surgical pathology
Cytology, surgical pathology
Surgical pathology
Cytology, surgical pathology
Surgical pathology
Cytology, surgical pathology
Surgical pathology

Cytology

Surgical pathology

Surgical pathology

Surgical pathology

Long-term prognosis

Abbasian et al., 2022 [AAMMAA 23]
Yu et al., 2022 [YWL*22]

Zou et al., 2022 [ZSS*22]

Metastases
Metastases

Metastases

Multi-outcome

Bhalla et al., 2020 [BKK™20]
Yang et al., 2020 [YYYT20]
Chen et al., 2021 [CYZM21]
Dolezal et al., 2021 [DTL*21]
Swan et al., 2022 [STN*22]

Metastases, surgical pathology

Nodule contour, surgical pathology
Surgical pathology, survival /recurrence
Molecular test, surgical pathology

Surgical pathology, US risk score

Continued on next page
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Table 3.1 — continued from previous page

Source by outcome

Outcome ground truth

Wu et al., 2022 [WYJ122]
Kim et al., 2019 [KHH19]

Han et al., 2021 [HHP21]
Liang et al., 2021 [LHC'21]
Stenman et al., 2022 [SLL*22a)
Choi et al., 2017 [CBP 17|
Yoo et al., 2018 [YHCT18]
Jeong et al., 2019 [JKHT19]
Xia et al., 2019 [XYZ+19]

Wei et al., 2020 [WZW*20]
Cui et al., 2022 [CFS*23]
Huang et al., 2022 [HZL122]

Metastases, surgical pathology

Cytology, nodule presence, surgical pathology, US risk

score

Cytology, surgical pathology, US risk score

Cytology, nodule contour, surgical pathology, US risk score

Surgical pathology, survival/recurrence

Cytology, nodule contour, surgical pathology, US risk score

Cytology, US risk score

Cytology, surgical pathology, US risk score
Cytology, surgical pathology, US risk score
Cytology, surgical pathology, US risk score
Surgical pathology, US risk score

Cytology, surgical pathology, US risk score

Table 3.2: Assessment of commercially available CADs in the US.

Commercially Input Output Nodule Downstream Limitations Clinical
Available Localiza- Clinical ‘Workflow
CAD tion Implications Integra-
tion
AmCAD-UT Static Nodule features Automated Provides a Lack of extensive Windows-
ultrasound  (echogenicity, malignancy risk external validation in based
image echogenic foci, for several risk clinical setting; Expects platform
texture, margin, stratification ultrasounds with intended for
tumor shape, systems, along discrete nodules >1 use on a PC
anechoic area with quantitative cm [fdal8, WTTZM22| or at a
percentage); and visual data on worksta-
Ultrasound risk score key nodule tion [fdal8,
(TI-RADS, ATA, features, allowing WTTZM22]
other international for faster and
systems); Structured more efficient
summary report patient triaging

Continued on next page
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Table 3.2 — continued from previous page

Commercially Input Output Nodule Downstream Limitations Clinical
Available Localiza- Clinical ‘Workflow
CAD tion Implications Integra-
tion
S-Detect Static Nodule features Semi- Primarily Primarily improves Developed
ultrasound  (composition, shape, automated improves diagnostic performance for a vendor-
image orientation, margins, (user marks diagnostic for junior radiologists; specific
echogenicity, and middle of  performance for Does not incorporate ultrasound
spongiform nodule) junior radiolo- non-imaging patient ma-
appearance); Binary gists [WZW+20]  data; Performance is chine [WTTZM22]
recommendation of dependent on choice of
possibly input image which is
malignant /benign; dependent on operator
Structured summary experience; Potential
report discrepancy in nodule
margin and composition
assessment; Only works
with vendor-specific
ultrasound machines
Koios DS 2 static Nodule features Manual Lack of extensive Used at the
ultrasound  (echogenicity, external validation of PACS
images echogenic foci, tumor this software in worksta-
(axial and shape, composition, real-world clinical tion [WTTZM22|
sagit- margin); Thyroid setting; Requires manual
tal) [koia];  nodule dimensions; input in the form of ROI
Location on Ultrasound risk score to localize
thyroid (TI-RADS) nodule [koib, fda21]
Exo Al Static Thyroid lobe and Semi- Improves ease of  Lack of extensive Cloud-
(formerly ultrasound nodule dimensions; automated reporting an external validation of based
MEDO- image(s) Ultrasound risk score ultrasound study this software in software
Thyroid) (TI-RADS) (based on for clinicians real-world clinical

user input);
Structured summary

report

setting; Requires manual
input in the form of ROI
to localize nodule; Only
tested on Philips, GE

and Siemens ultrasound

devices [fda20]
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Table 3.3: Included articles, methodology and level of evidence. Abbreviations: P = prospec-
tive, R = retrospective, EV = external validation, PC = physician comparison; MLL = machine
learning, NN = neural network (deep learning). Asterisk (*) represents number of images
utilized if number of patients not reported.

Source by outcome Cohort Study Al Inputs used Outcome ground Stat. Oxford

size design method truth valid. LoE

Nodule localization
Nie et al., 483 R, EV NN US image Nodule contour Y 2
2022 [NZT+22]

Ultrasound risk score

Chi et al., 592 R, EV NN US image US risk score N 2
2017 [CWB*17]

Duan et al., 3,933 R, EV NN US image US risk score N 2
2020 [DDJ*20]

Zhang et al., 978 R, EV NN US image, CT/MRI  US risk score Y 2
2022 [ZLR*22]

Gao et al., 262 R, EV, PC NN US image US risk score Y 2
2018 [GLJT 18]

Bai et al., 14,991 R, EV, PC NN US image US risk score Y 2
2020 [BCY+20]

Molecular status

Anand et al., 529 R, EV NN Surgical pathology Molecular test Y 2
2021 [AYK*21] slides

Malignancy

Pankratz et al., 27 R, EV ML Genetic data Surgical pathology Y 2

2016 [PHK*16]
Wang et al., 4,453 R, EV NN US image Surgical pathology N 2
2018 [WLSt18]
Song et al., 676 R, EV NN US image Cytology N 2
2020 [SZZ120]
Zhou et al., 1,734 R, EV NN US image Cytology N 2
2020 [ZJD*20]

Zhou et al., 5,602 R, EV NN US image Cytology Y 2
2020 [ZWT20]

Boéhland et al., 289 R, EV NN Surgical pathology Surgical pathology Y 2
2021 [BTS*21] slides

Lee et al., 8,557 R, EV NN US image Cytology N 2

2021 [LCJ*21]

Continued on next page
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Table 3.3 — continued from previous page

Source by outcome Cohort Study Al Inputs used Outcome ground Stat. Oxford

size design method truth valid. LoE
Park et al., 763 R, EV ML Genetic data Surgical pathology Y 3
2021 [PKOK21]
Zhang et al., 132,277 R, EV ML US report Cytology Y 2
2021 [ZZL+21]
Jia et al., 3,002 R, EV NN US image Surgical pathology Y 2
2022 [JMK+22]
Jin et al., 2,848 R, EV ML Clinical variables, Cytology, surgical Y 2
2022 [JPOT22] demographics, US pathology

image

Keutgen et al., 282 R, EV NN Cytology report, US  Surgical pathology Y 2
2022 [KLMt22] image
Liu et al., 3,176* R, EV NN US image Cytology N 2
2022 [LDY+22]
Randolph et al., 483 R, EV ML Genetic data Surgical pathology Y 2
2022 [RSHT22]
Li et al., 45,644 R, EV, PC NN US image Cytology, surgical Y 2
2019 [LZZT19) pathology
Park et al., 5,205 R, EV,PC NN US image Cytology, surgical Y 2
2019 [PHS*19) pathology
Song et al., 1,458 R, EV,PC NN US image Cytology, surgical N 2
2019 [SCM*19] pathology
Koh et al., 16,009* R, EV,PC NN US image Cytology, surgical Y 2
2020 [KLHT20] pathology
Wei et al., 26,541 R, EV,PC NN US image Surgical pathology Y 2
2020 [WGY120]
Zhang et al., 6,185 R, EV, PC NN US image Surgical pathology Y 2
2020 [ZDJ+20]
Zhu et al., 821 R, EV, PC NN US image Cytology, surgical Y 2
2021 [ZAJ121] pathology
Zhu et al., 779 R, EV,PC NN US image Cytology Y 2
2021 [ZJB+21]
Zhu et al., 674 R, EV,PC NN US image Cytology, surgical Y 2
2021 [ZDJ+22] pathology
Han et al., 4,792 R, EV,PC NN US image Cytology, surgical Y 2
2022 [HCSt22] pathology
Yang et al., 139 R, EV,PC NN US image Cytology, surgical Y 2

2022 [YPW+23]

pathology

52
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Table 3.3 — continued from previous page

Source by outcome Cohort Study Al Inputs used Outcome ground Stat. Oxford
size design method truth valid. LoE

Barczynski et al., 50 P, EV, PC NN US image Surgical pathology Y 2

2020 [BSBW*20]

Liang et al., 124 P, EV, PC NN US image Cytology, surgical Y 2

2020 [LYLC20] pathology

Zhang et al., 303 P, EV,PC NN US image Surgical pathology Y 2

2020 [ZWCW20]

Peng et al., 11,114 P, EV,PC NN US image Cytology, surgical Y 2

2021 [PLL7T21] pathology

Zhu et al., 6,687 P, EV,PC NN US image Surgical pathology Y 2

2021 [ZZY121]

Kim et al., 7,577 P, EV, PC NN US image Cytology Y 2

2022 [KCH*+22]

Wang et al., 607 P, EV, PC NN US image Surgical pathology Y 2

2022 [WWL122]

Wang et al., 342 P, EV, PC NN US image Surgical pathology Y 2

2022 [WXL*22]

Xu et al., 607 P, EV, PC NN US image Surgical pathology Y 2

2022 [XWW122]

Long-term prognosis

Abbasian et al., 373 R, EV NN US image Metastases N 2

2022 [AAMMAA 23]

Yu et al., 199 R, EV ML CT/MRI Metastases Y 2

2022 [YWL+22]

Zou et al., 2,097 R, EV ML US image, clinical Metastases Y 2

2022 [ZSSt22] variables

Multi-outcome

Bhalla et al., 578 R, EV ML Genetic data Metastases, surgical Y 3

2020 [BKK*20] pathology

Yang et al., 1,130 R, EV NN US image Nodule contour, Y 2

2020 [YYY120] surgical pathology

Chen et al., 653 R, EV ML Genetic data Surgical pathology, Y 3

2021 [CYZM21] survival/recurrence

Dolezal et al., 115* R, EV NN Surgical pathology Molecular test, surgical Y 2

2021 [DTL*21] slides pathology

Swan et al., 329 R, EV NN US image Surgical pathology, US N 2

2022 [STN+22|

risk score
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Table 3.3 — continued from previous page

Source by outcome Cohort Study Al Inputs used Outcome ground Stat. Oxford
size design method truth valid. LoE

Wu et al., 412 R, EV ML CT/MRI Metastases, surgical Y 2
2022 [WYJ122] pathology
Kim et al., 106 R, EV, PC ML US image Cytology, nodule Y 2
2019 [KHH19| presence, surgical

pathology, US risk

score
Han et al., 372 R, EV, PC Both US image Cytology, surgical Y 2
2021 [HHP21] pathology, US risk

score
Liang et al., 124 R, EV,PC NN US image Cytology, nodule N 2
2021 [LHC*21] contour, surgical

pathology, US risk

score
Stenman et al., 190 R, EV,PC NN Cytology slide Surgical pathology, Y 3
2022 [SLL*22a] survival /recurrence
Choi et al., 89 P, EV, PC NN US image Cytology, nodule Y 2
2017 [CBP*17] contour, surgical

pathology, US risk

score
Yoo et al., 50 P, EV,PC NN US image Cytology, US risk score Y 2
2018 [YHC 18]
Jeong et al., 76 P, EV,PC ML US image Cytology, surgical Y 2
2019 [JKHT19] pathology, US risk

score
Xia et al., 171 P, EV, PC Both  US image Cytology, surgical Y 2
2019 [XYZT19] pathology, US risk

score
Wei et al., 199 P, EV, PC Both US image Cytology, surgical Y 2
2020 [WZWT20] pathology, US risk

score
Cui et al., 2,374 P, EV,PC ML US image Surgical pathology, US Y 2
2022 [CFST23] risk score
Huang et al., 100 P, EV, PC  Both US image Cytology, surgical Y 2

2022 [HZL122]

pathology, US risk

score
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CHAPTER 4
A Multitask Approach for Automated Detection and

Segmentation of Thyroid Nodules in Ultrasound

Images

Associated Publications: Radhachandran, A., Kinzel, A., Chen, J., et al. (2024). A multi-
task approach for automated detection and segmentation of thyroid nodules in ultrasound

images. Computers in Biology and Medicine, 170, 107974.

An increase in the incidence and diagnosis of thyroid nodules and thyroid cancer under-
scores the need for a better approach to nodule detection and risk stratification in ultrasound
(US) images that can reduce healthcare costs, patient discomfort, and unnecessary invasive
procedures. However, variability in ultrasound technique and interpretation makes the di-
agnostic process partially subjective. Therefore, an automated approach that detects and
segments nodules could improve performance on downstream tasks, such as risk stratification.
This chapter presents a multitask approach centered on an anomaly detection (AD) module
that can be integrated with any UNet architecture variant to improve image-level nodule
detection, and evaluates this approach on a UCLA Health dataset of 9888 images from 280

patients as well as two external validation datasets.

4.1 Introduction

There has been a recent rise in thyroid cancer incidence, making it the fifth most common

malignancy amongst women in the United States between 2015-2019.|noaa] By age 50, 50—
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60% of the population have one or more thyroid nodules incidentally discovered on imaging
performed for an unrelated indication.[TG97| Although ~90% of these detected nodules are
actually clinically insignificant and benign, uncertainty in radiologic evaluation can lead to
unnecessary biopsies.[DCL*15] Ultrasound (US) imaging is the primary imaging modality
used to assess the thyroid along with the morphology and internal architecture of any present
nodules.[CKK™09] When evaluating nodules, the first step involves detecting if and where
a nodule is present on a series of US images. However, the presence of various technical
limitations and artifacts in US images such as vague nodule boundaries, poor contrast, variable
probe positioning, and non-standardized spatial resolution, makes the diagnostic process
partially subjective. These limitations lead to high inter-radiologist variability|[CKK*10] in
risk stratification, and an increased need for invasive diagnostic procedures such as fine needle
aspiration biopsies (FNABs).[Ros06] And oftentimes, FNABs can be inconclusive, leading to

unnecessary healthcare costs and complications for patients.[PYLT20]

In recent years, an increase in the development of computer-aided diagnosis (CAD) methods
using deep learning has proven useful for image analysis tasks in biomedicine.[RFB15, CAL*16,
RSK*22| Deep learning can be especially useful in eliminating variability and enhancing
diagnostic reliability in thyroid cancer risk assessment by improving nodule localization
techniques.[SBD 21| Multiple groups have explored different deep learning architectures
to address localization through the segmentation of thyroid nodules.[SLL*22b, YGC*22,
PZL21, DHSN19| While these existing models demonstrate promising results, they are semi-
automated because they are evaluated solely on images known to have nodules and do not
assess ability to identify suspicious images. Thus, most current work tackles a more narrow
task, which despite performing well, does not translate in terms of clinical applicability. For
such a segmentation model to be implemented successfully, it would require a radiologist
to first identify suspicious images, on which the model would make nodule segmentation
predictions. However, in the clinical setting, when a radiologist evaluates a set of US images

and identifies an image with a potential nodule, they are simultaneously deciding where the
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nodule is located. Without incorporating a method for image-wide detection, a model that
purely segments is unlikely to have a tangible clinical impact. Furthermore, such a model
is more reliant on initial manual detection of images with nodules, which might not be as
accurate if not done by someone without the expertise and training of a radiologist. The
inclusion of image-wide detection may also extend the utility of a segmentation model to
care providers without the experience of a radiologist. This is particularly relevant when
extending this model beyond the United States, where radiologists may not be sole physicians

performing imaging and subsequent diagnostics.

As a standalone algorithm, image-wide detection of thyroid nodules on ultrasound has not
been extensively studied. Moreover, such an algorithm would require a secondary purpose
such as nodule localization to augment the clinical workflow.[SLL"19]| In order to improve
detection of anomalous images and elevate the clinical utility of a segmentation model,
this work introduces a multitask approach through an anomaly detection (AD) module to
be used in conjunction with any UNet architecture|RFB15| variant. Previously, Jain et
al.[JSOT21| proposed a two-stage model that performed AD to filter out non-suspicious
capsule endoscopy images and then segmented the remaining images. In a different study,
Chen et al.[CDL*"19]| integrated a mask classification component into their dermoscopic
image segmentation network to determine if a lesion was present. In that work, the mask
classification output was only used to improve the training of model weights. These studies
have demonstrated the value of integrating the domain knowledge that images can have
empty segmentations, which in turn suppresses incidental false positive nodule predictions.
Since previous thyroid nodule segmentation studies have not measured image-wide detection,
there is no guarantee that those models would effectively predict empty masks and not need
a specific detection module. The proposed AD module expands on previous work by not
only making a binary classification of nodule presence, but multiplying the AD output with
the nodule segmentation to post-process the prediction. Hence the AD module is integrated

with a variety of state-of-the-art segmentation architectures to understand its impact on
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performance. By concurrently determining which images may have nodules and segmenting
suspicious regions, our multitask approach allows for a clinically translatable model that
aptly parallels the workflow for thyroid nodule assessment.

In summary, the main contributions of this work are as follows:

1. To more closely parallel the distribution of images seen in medical practice and gather a
more clinically relevant metric, segmentation performance is measured on images with
and without nodules. In contrast to previous research, negative images (those without

nodules) are included during evaluation.

2. The AD module is integrated with the segmentation model architecture to assist in
image-wide nodule detection. Thus, the proposed multitask method steps towards an

automated segmentation method that does not rely on guidance from radiologists.

3. Various state-of-the-art architectures for nodule segmentation are compared with and

without the AD module.

4. The evaluated architectures are trained and tested on a novel thyroid ultrasound dataset.
Furthermore, they are externally validated on two publicly available thyroid ultrasound

datasets, assessing model stability and robustness to data variability.

4.2 Methods

4.2.1 Dataset Descriptions

UCLA Dataset

UCLA Health has implemented a standardized protocol for the acquisition of thyroid US
images. Over the past three years, patients who have had an US examination following this
protocol have had their imaging collected and aggregated in the UCLA Thyroid RadPath

research dataset. Consent was waived because images were acquired through standard clinical
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Image Mask

UCLA Dataset

DDTI

Stanford CINE

Figure 4.1: Example of an image with corresponding annotation mask from each dataset.

care and analyzed retrospectively without direct patient contact. IRB (IRB#19-001535) of
University of California, Los Angeles gave ethical approval for this work on 9/26/2019. This
study consists of 280 patients from this dataset, where each patient has a set of 2040 US
images that span a variety of anatomic regions and ultrasound probe orientations. Each

US image has been manually segmented by 2 radiologists and validated by a more senior

radiologist at UCLA.

DDTI

DDTT is a public, open access dataset from the IDIME Ultrasound Department, one of
Colombia’s largest diagnostic imaging centers.[PVNT15] This dataset contains 480 images
from 290 patients. Each of these images is accompanied by a nodule annotation made by a
radiology resident. Preprocessing of the original 480 images resulted in 610 images (images

that contained two frames in one were split and considered separately).
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Stanford CINE

The Stanford CINE dataset contains 192 cine clips from 167 patients with biopsy-confirmed
thyroid nodules.[noab] The cine clips in this dataset included radiologist-annotated segmen-
tations and captured a single nodule. On average, each cine clip was composed of 90 frames,
but the total number of frames was downsampled by a factor of 10 due to redundancy in
image content. The frames from the cine clips were extracted and treated as independent

images.

4.2.2 AD Module

The central innovation of this approach is the integration of the AD module with any
variant of the U-Net architecture, such as the multi-scale UNet (MSUNet),[SZLC21]| to
enable a multitask model for thyroid nodule segmentation on ultrasound images (Figure 4.2).
The contracting path of a UNet based architecture is engineered to extract a high-level
representation of an input image. The AD module flattens this feature map and passes it
through a four-layer fully connected network (FCN) that performs a binary classification of
nodule presence. The FCN includes Dropout layers, to prevent overfitting and LeakyReLLU
activation, to maintain a non-zero gradient during training. Then, the FCN output is rescaled
between 0 and 1 using a sigmoid function. The AD module leverages the feature rich image
encoding, without requiring unnecessary feature engineering or processing steps, to make a
streamlined classification of nodule presence with minimal overhead. The expansive path
of the U-Net architecture also takes the image encoding from the contracting path, but
reconstructs a predicted segmentation mask. Thus, for every input image, MSUNet with the
AD module (MSUNet-AD) will predict a nodule mask and AD output. During evaluation,
an empirically determined threshold (details under Sensitivity Analysis in Results) is used to
binarize the AD output, which corresponds to MSUNet-AD’s prediction of whether or not
the input image contains a nodule. The AD output is then multiplied with the binary mask

to either maintain the segmentation prediction or convert it into an empty mask.

60



[3x;on\a [3x3:>nv]
i — Yes
[concatenate] [1x1 con\a [ﬂatterﬂ Potential Nodule?

— — No
7x7 conv 7x7 conv

Multi-scale block AD Module

Figure 4.2: One example of AD being integrated with a segmentation architecture. This is an
overview of the model architecture for MSUNet-AD, with an in-depth look at the operations
in each multi-scale block (bottom left) and in the AD module (bottom right).

4.2.3 Baseline Segmentation Architectures

The impact of AD is evaluated by comparing architectures with the module against their
baseline counterparts that do not integrate the module for image-wide detection. These
baselines include various architectures that are commonly considered in segmentation papers,
such as the UNet,|[RFB15] UNet++ (Nested UNet),[ZSTL18| UNet with pretrained ResNet50
encoder (SResUNet) and Attention UNet (AttUNet).[OSF*18] Other baseline architectures
tailored towards medical image or thyroid nodule segmentation are also considered, with

their specific design being explained in the subsequent sections.

Multi-scale UNet (MISUNet)

The UNet has been a standard architecture used for medical image segmentation. The

encoding pathway consists of multiple layers, each of which contain a sequence (block) of 3x3
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convolutions that extract relevant image features. However, using the same 3x3 kernel size
for encoding pathway convolutions will lead to a fixed receptive field size, which can cause
shortcomings in feature extraction during the encoding pathway and feature recovery during
the decoding pathway. Small receptive fields typically excel at segmenting small objects,
but struggle at localization, whereas large receptive fields are more conducive to segmenting
and localizing larger objects.[Baol9| In response to this tradeoff, Su et al. introduced
MSUNet[SZLC21] and the idea of the multi-scale block, which incorporates convolution
sequences with different kernel sizes, allowing for the extraction of more diverse features.
The multi-scale block consists of parallel paths each applying a double convolution, one with
kernel size 3x3 and one with kernel size 7x7. The outputs of these layers are concatenated,

a 1x1 convolution is applied and the resulting matrix is fed into the next layer.

Semantic Guided UNet (SGUNet)

SGUNet|PZL21] is a UNet inspired architecture designed specifically for thyroid nodule
segmentation in ultrasound. Their primary innovation is the SGM module, which reduces
noise interference inherent to ultrasound imaging that may be propagated in the encoding
layer convolutions as well as in the skip connections to the decoder layers. A SGM module
is included after each decoding layer to convert the upsampled decoding into a one channel
feature map. This one channel map is then concatenated with the previous decoding layer’s
SGM module output. A 1x1 convolution is applied to the resulting two channel map to
result in that decoding layer’s one channel semantic map. SGUNet was re-implemented
in PyTorch, trained on the UCLA dataset and used as a baseline to compare against the

proposed architecture.

MICCAI 2020 TN-SCUI Challenge Winner (Wang et al.)

The Wang et al. model|[Wan23| is a two stage cascaded framework that was developed for

single-target segmentation of thyroid nodules. The stage 1 network is trained to predict a
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nodule given an ultrasound image, while the stage 2 network is trained on an image crop
containing the region of interest derived from the ground truth annotation. Thus, during
evaluation the two stages can be used sequentially, where stage 1 makes an initial prediction
to localize the nodule, and stage 2 performs a finer segmentation of the identified nodule.
Pretrained weights for stage 1 and stage 2 from training on the TN-SCUI challenge dataset
were used to compare against Wang et al. when trained and evaluated on the UCLA dataset.
Lastly, the proposed AD module could not be integrated with the Wang et al. model. Instead,
a similar AD module was trained in parallel and during evaluation, its binary output was
used to post-process the predicted mask. The AD output is multiplied with the mask to

either maintain the prediction or convert it to an empty mask.

4.3 Experiments

4.3.1 Model Training

An 80:20 train-test split was applied at the patient level to the UCLA dataset. 10% of
the training set patients made up the validation set. Images with certain artifacts, such as
transducer information, vascular flow assessments (Doppler images) or caliper markings, were
removed. Fach of the remaining images went through removal of protected health information,
contrast enhancement and whitening. Image counts after applying this preprocessing pipeline

are presented in Table 4.1.

Image inputs for model training, validation, and testing were resized to 256 x256. Image
augmentation was performed through random flipping, rotation, and addition of Gaussian
noise. The Adam optimizer was used with an initial learning rate of 0.0005 and batch size of
64. The learning rate was decreased by a factor of 10 if the validation loss did not improve for

5 epochs. All models were developed using PyTorch 1.11.0 and trained on a NVIDIA DGX-1.
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Table 4.1: Patient and image counts for train, validation and test splits. Images with at least
one ground truth nodule are referred to as positive images. The images without nodules are
negative images. The percentage of positive images are included in the last column.

Split Patients Images Positive Images
train 202 7097 2892 (40.7%)
validation 22 793 332 (41.9%)
test 56 1998 766 (38.3%)

4.3.2 Loss Function

The segmentation models without AD were trained using DiceBCE loss. A value of 0.5
is empirically assigned to w so that both the Dice loss and pixel-level BCE loss (P-BCE)
have equal weighting. Upon integration of the AD module with the segmentation model, an
additional BCE loss is used for the AD classification task (AD-BCE). Equation 4.1 shows

how these losses are used in concordance to train the multitask model.

Liotal = w - (Lp.pcr + Lpice) + (1 — w) - Lap-pcr (4.1)

A sensitivity analysis was conducted to determine the optimal value for w in the loss
function used to train each multitask model. Each of the evaluated segmentation architectures
with AD were separately trained using values of 0.1, 0.25, 0.5, 0.75 and 0.9 for w. The
optimal value of w was selected by picking the permutation that had the highest DSC,; on

the validation set.

4.3.3 FEvaluation Metrics

Various evaluation metrics were used to quantify segmentation performance. The image-wide
metrics are Dice similarity coefficient (DSC,y;), precision, recall and F1 score. Precision, recall,
and F1 score are calculated using a slightly different definition for true positives (non-empty
prediction that overlaps with ground truth positive), true negatives (empty prediction for a

ground truth negative), false positives (non-empty prediction for a ground truth negative) and
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false negatives (empty prediction for a ground truth positive or non-empty prediction that
does not overlap with ground truth positive). DSCy; is the average Dice similarity coefficient
(DSC) across all evaluated images. Because the Dice coefficient is undefined in cases where
no nodule is present, Laplace smoothing (A=1e-6) is applied to allow for calculation across
all images. Thus, when DSC is calculated for a negative image, an empty predicted mask will
lead to a DSC of 1, indicating a true negative. The positive image-level metrics are DSC,.
and Intersection over Union (IoU). These metrics are averaged across only the positive images
in the test set. When calculating DSC, as appears in Equation 4.2, true positives (TP),
false positives (FP) and false negatives (FN) are determined using the traditional pixel-level

definition.

2:- TP+ )\

D =
oC 2. TP+ FP+FN+ A\

(4.2)

Experiments were also conducted to understand trends in DSC', based on nodule size.
Nodule size was determined by calculating the proportion of pixels a nodule(s) occupied
on the image. The nodule sizes for all the positive images in the test set were aggregated
and split into quartiles, where Q1 (smallest quartile) represents the smaller nodules and
Q4 (largest quartile) represents the larger nodules. These quartiles are used to stratify the
positive images in the test set and perform a more robust analysis.

The Wilcoxon rank-sum test and Mann-Whitney U test was used to compare model
performance based on DSC. Since the test set was determined based on patient-level split,
there could be overlap in anatomical regions captured by a patient’s US images, which could
unintentionally inflate the statistical power of the results. To address this shortcoming,
the mean DSC for each patient’s positive images were calculated and the test statistic was
calculated using these patient-level DSC averages instead of DSCy; or DSC.. For the
Stanford CINE dataset, since adjacent frames tended to capture related anatomical views,
DSC was averaged across the frames for each cine clip. For DDTI, although some patients

had multiple images, they typically were of varying anatomical views so result aggregation
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was unnecessary.

4.4 Results

4.4.1 Segmentation Performance

The baseline architectures were evaluated on the holdout test set with and without the AD
module. Of the models with AD, SResUNet-AD had the highest DSC,; of 0.808 and F1
of 0.839 when compared against the other models with AD. MSUNet-AD had the highest
DSC. of 0.655, while the other models with AD ranged between 0.502 and 0.631. To further
assess the effect of the AD module, all the baseline architectures were trained and evaluated
without AD (Table 4.2). A central pattern was that when AD was integrated into a model
architecture, there were increases in DSC,; and F1. For example, MSUNet saw an increase
in F1 from 0.683 to 0.837 and in DSCy; from 0.581 to 0.797. Another observed trend with
the addition of AD was a drop in DSC,. For example, the Wang et al. model had the
highest DSC of 0.757, but dropped to 0.609 with the addition of AD. All models exhibited
a similar drop in DSC., with only SResUNet-AD and SGUNet-AD not showing significant
decreases (P > 0.16). The remaining models with AD demonstrated significant decreases
(P < 0.017).

To investigate whether nodule size played a role in this pattern of decreasing DSC.,
further analyses were conducted. A closer look at performance across the nodule size quartiles
revealed a larger drop in DSC, on the smallest quartile (Q1) than on the largest quartile
(Q4), after addition of AD. Across all architectures, mean DSC on Q1 dropped from values
between 0.347 and 0.648 to values between 0.215 and 0.404. However, DSC', dropped on Q4
from values between 0.808 and 0.851 to values between 0.68 and 0.829. Only UNet, AttUNet
and Wang et al. demonstrated significant DSC', differences in Q1 and Q2 when AD was
added (P < .001). On the other hand, MSUNet-AD and SResUNet-AD had statistically
similar DSC'. distributions to their non-AD baselines in Q1 (P = .006, P = 0.34) and Q2
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Table 4.2: Performance of models with and without AD on hold-out test set. Bolded values
highlight the model with the best performance on a certain metric.

Image-Wide Average Across Positive Images
Model Name DSCyy Precision Recall F1 DSC, IoU
UNet-AD 0.724+0.384 0.775 0.764 0.769  0.502+0.337 0.401+0.295
NestedUNet-AD  0.78240.354 0.81 0.841 0.825  0.629+0.34 0.537+0.319
SResUNet-AD 0.808+0.341 0.861 0.817 0.839 0.631+0.363 0.55+0.342
Wang et al.-AD  0.75540.385 0.755 0.768 0.761  0.60940.379 0.533+0.355
SGUNet-AD 0.77340.36 0.812 0.822 0.817  0.59840.349 0.50640.324
AttUNet-AD 0.71940.387 0.75 0.791  0.77 0.53+0.335 0.42840.297
MSUNet-AD 0.79740.344 0.821 0.852 0.837 0.655+0.335 0.565+0.319
UNet 0.54440.445 0.512 0.946 0.665 0.71140.276 0.6104+0.277
NestedUNet 0.539+0.444 0.508 0.944 0.661  0.710£0.271 0.606+0.271
SResUNet 0.259+0.369 0.369 0.941 0.53  0.673£0.277 0.563+0.271
Wang et al. 0.299+40.402 0.377 0.961 0.541 0.757+0.248 0.660+0.258
SGUNet 0.44240.435 0.458 0.920 0.611  0.62140.289 0.506+0.273
AttUNet 0.547+0.444 0.515 0.945 0.667  0.707+0.277 0.606+0.279
MSUNet 0.581+0.442 0.535 0.944 0.683 0.726+0.271 0.6284+0.273

(P =.009, P = 0.34). Furthermore, when AD was added, decreases in DSC; on larger
quartiles were not significant across most models. An example of this can be seen with
MSUNet; the addition of AD dropped DSC, from 0.779 to 0.742 on Q3 (P = 0.18) and
from 0.851 to 0.829 on Q4 (P = 0.31). Lastly, there was less variability in DSC on the
largest quartile compared to the smallest quartile. Specifically for the models with AD, this
is observed with IQR ranging between from 0.141 to 0.254 on Q4 and 0.444 and 0.83 for Q1.
Specific segmentation examples that reflect the aforementioned patterns across nodule sizes

can be found in Figure 4.5.

Ultimately, SResUNet-AD and MSUNet-AD performed best across all baselines with
AD in terms of the three key evaluation criteria of DSC,, DSCy; and F1 score. The
addition of AD, despite leading to a drop in DSC/, did not lead to statistical differences
in DSC', performance when stratified by nodule size for these two best performing models.
More importantly, AD contributed to an increase in DSC,; and F1, improving capability of

concurrent image-wide nodule detection and segmentation.
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Figure 4.3: Box plot comparing segmentation performance by nodule size quartile between
models with and without AD module. The plot represents the distribution of the DSC values
(used to calculate DSC, ) for each quartile. A black asterisk above a comparison represents a
statistically significant difference. The white crosshair marks the mean of the distribution.

Wang et al. Evaluation Results

The Wang et al. architecture was trained on the TN-SCUI dataset and evaluation on the
TN-SCUI test set showed an increase in DSC when the stage 2 network was used with stage
1. However, when trained and tested on the UCLA dataset, there was a decrease in DSC',
from 0.757 to 0.635 when stage 1 and stage 2 were used in conjunction as opposed to just
stage 1. Thus, the results for the Wang et al. model (Table 4.2) are from the best performing
permutation of the model architecture, which is when only stage 1 was used. Of the models

without AD, the Wang et al. model had one of the lowest F1 scores of 0.541 and DSC; of
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Figure 4.4: Image-wide recall was calculated for each model for each of the nodule size
quartiles. The difference in recall between a model without and with AD is plotted for each
quartile.

0.299, but the highest DSC of 0.757. When AD was incorporated, the Wang et al. model
had a DSC,; of 0.755, but the lowest F1 score of 0.761 and a drop in DSC' to 0.609.

4.4.2 Sensitivity Analysis

A sensitivity analysis was conducted to determine the best threshold for binarizing AD output.
Various thresholds between 0 and 0.75 in increments of 0.05 were tested. Each network with
AD was evaluated on the validation set and image-wide F'1 scores were recorded using each of
these different thresholds (Figure 4.6). All the models with the AD module had an optimal
AD threshold between 0.1 and 0.5, where they demonstrated best F1 performance on the

validation set. There is a consistent plateau in F1 scores between 0.1 and 0.5 for all models,

69



Image SGUNet SResUNet MSUNet

Dice: 0.0 Dice: 0.0 Dice: 0.0

Dice: 0.539 Dice: 0.802 Dice: 0.755

Dice: 0.966 Dice: 0.957 Dice: 0.96

Dice: 0.252 Dice: 0.635 Dice: 0.628

prediction of model w/ AD intersection of both model’s predictions
[0 prediction of model w/o AD ground truth

Figure 4.5: Examples of the difference in segmentation performance between three of the
models evaluated. First row: All models without the AD module conflate a carotid artery
as a nodule leading to a false positive. When the AD module is added, none of the models
contain a prediction since the AD output correctly eliminates any predicted segmentations.
Second row: An example of all models except MSUNet struggling to segment a small nodule.
Third row: An example of a smaller nodule where all three models and their counterparts
with AD exhibit agreement and successfully segment the target. Fourth row: An example
of all six models successfully segmenting the larger of two nodules. Fifth row: A relatively
difficult example with three different small nodules. The majority of models consistently
miss the far right nodule. Here, MSUNet-AD and SResUNet-AD perform at par with their
non-AD baselines.
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indicating that performance would not differ too drastically for most AD thresholds in that

range.

Sensitivity Analysis for AD Threshold
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Figure 4.6: F1 performance across AD thresholds for the six models with AD. Dot marker
represents the optimal threshold, where the best validation set F1 score is achieved for a
given model.

4.4.3 External Validation

The models with the AD module were evaluated on two external validation (EV) datasets,
DDTI and Stanford CINE dataset. One difference between the UCLA dataset and these
two datasets is that the latter do not have any negative images. Despite the EV datasets
only containing positive images, the capability of the AD module in identifying these images
could be further evaluated. The lack of public EV datasets with both positive and negative
images required the use of the available datasets, which strictly had positive images. Despite
this challenge, the models with AD could still be evaluated on their ability to identify and
segment images with nodules, albeit on a biased dataset.

SResUNet-AD had the highest DSC of 0.402 and 0.592 on DDTI and Stanford CINE.
MSUNet-AD had a comparable DSC of 0.391 on DDTI (P = 0.71) and of 0.581 on Stanford
CINE (P =0.73). DSC, for MSUNet-AD on the UCLA dataset was 0.655, which was higher
than its DSC, on DDTI (P < .001) and on Stanford CINE (P < .001). For SResUNet-AD,
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Table 4.3: Performance of models on DDTI and Stanford CINE datasets. Bolded values
highlight the model with the best performance on a certain metric.

DDTI Stanford CINE
Avg. Across Positive Images  Avg. Across Positive Images
Model Name DSCy IoU DSCy IoU
UNet-AD 0.211+0.314 0.162+0.255 0.411+0.354  0.32540.302

NestedUNet-AD  0.358+0.378  0.2934+0.327  0.559+£0.356  0.468+0.329
SResUNet-AD 0.402+0.384 0.333£0.341 0.592+0.369 0.51+0.345
Wang et al.-AD 0.301£0.39 0.255£0.34 0.466+0.413  0.40440.377
SGUNet-AD 0.282£0.348  0.223+0.293  0.527£0.361  0.438+0.328
AttUNet-AD 0.289£0.345  0.2254+0.284  0.456+0.354  0.365%0.307
MSU-Net-AD 0.391+£0.384  0.324+0.341  0.581£0.363  0.495£0.338

DSC, on the UCLA dataset was 0.631, which was higher than its DSC on DDTI (P < .001).
However, SResUNet-AD exhibited a DSC, on UCLA which was comparable to its DSC',
on Stanford CINE (P = 0.08).

4.5 Discussion

The AD module improved F1 score and DSC; across the board when integrated with the
baseline architectures, with SResUNet-AD performing best in these two metrics. This increase
can be attributed to the decrease in false positives at the image-wide level. Prior to the
addition of AD, the Wang et al. model performed the best in terms of DSC',; however, the
low DSC,; and precision, observed across all architectures without AD, demonstrated that
these baselines were prone to false positive predictions. Although AD boosted precision, it
also caused an increase in false negatives, and hence a decrease in recall and DSC. . Further
investigation into this pattern of decreasing DSC', revealed that this drop was mainly due to
an inability to segment smaller nodules (Figure 4.3). This was seen across most models, as
exemplified in the quantitative disparities between Q1 and the other quartiles representing
larger nodules. This drop in segmentation performance can be specifically explained by the

greater frequency of false negatives in the smaller quartiles, as evidenced by the greater
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delta in image-wide recall between a model without and with AD in Q1 compared to in Q4
(Figure 4.4). However, smaller nodules are less likely to be clinically significant,[HABT 16|

thus reducing the clinical consequences of the increase in false negatives due to AD.

In regards to the EV experiments, there were notable advantages and disadvantages to the
datasets used. DDTI was a favorable dataset because it contained multi-nodule images, which
is comparable to real-world data and it followed an image collection protocol different from
UCLA’s protocol, demonstrating the model’s independence from a specific image collection
method. The main drawback of the Stanford CINE dataset was that it only contained clips
of single nodules, which does not reflect real-world frequency. The lack of public EV datasets
with both positive and negative images required the use of the available datasets, which strictly
had positive images. Despite this challenge, the models with AD could still be evaluated
on their ability to identify and segment images with nodules, albeit on a biased dataset.
As detailed in the results, SResUNet-AD and MSUNet-AD also outperformed the majority
of other architectures with AD on the EV datasets. More importantly, statistical analysis
revealed that SResUNet-AD displayed similar DSC performance between the UCLA and
Stanford CINE datasets, supporting the model’s generalizability. Despite both models falling
short on the DDTT dataset, the results were promising in that there was no severe overfitting
to patterns unique to ultrasounds collected using UCLA’s standard protocol. Although the
clinical implications of models with AD need to be evaluated to understand how they would
augment practice, these results indicate that such a multitask method is versatile and could
have clinical applicability. Other groups have explored 3D volume ultrasound techniques
(PIUR imaging, IMFUSION, etc.) or developed CAD-based solutions (KOIOS, S-Detect,
etc.) for localization and diagnosis. These methodologies have been well-received, but still
lack widespread adoption, permitting continued innovation in this space. Also, 2D ultrasound
is still the primary method for nodule detection and diagnosis, and presents advantages in its

ease of use and relative affordability.

The proposed multitask approach advances current thyroid nodule segmentation methods
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with an automated technique that is designed to parallel clinical practice, and in doing
so augment a radiologist’s workflow. The experimental results demonstrate that existing
architectures such as SResUNet and MSUNet, upon the addition of AD, excel in terms of
image-wide detection and pixel-level nodule segmentation. Furthermore, the architectures
with AD were evaluated on two external validation sets, DDTI and Stanford CINE, to assess
model stability and robustness to data variability. This technique can be extended to have
further clinical application by extracting nodule features from segmented regions to develop a
network that can perform an improved TI-RADS evaluation or automated biopsy prediction.
Future work will aim to integrate the proposed multitask model into an end-to-end network
that is also capable of nodule malignancy classification and further risk stratification. With
rigorous evaluation, it would be possible to reduce the subjectivity in radiological evaluation

and perceive certain clinical impacts such as an improvement in triaging the need for biopsy.
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CHAPTER 5
ThyGraph: A Graph-Based Approach for Thyroid

Nodule Diagnosis from Ultrasound Studies

Associated Publications: Radhachandran, A., Vittalam, A., Ivezic, V., et al. (2024).
ThyGraph: A Graph-Based Approach for Thyroid Nodule Diagnosis from Ultrasound Stud-

ies. Medical Image Computing and Computer Assisted Intervention — MICCAI 2024, 753-763.

Improved thyroid nodule risk stratification from ultrasound (US) can mitigate overdiag-
nosis and unnecessary biopsies. Previous studies often train deep learning models using
manually selected single US frames; these approaches deviate from clinical practice where
physicians utilize multiple image views for diagnosis. This chapter introduces ThyGraph, a
novel graph-based approach that improves feature aggregation and correlates anatomically
proximate images, by leveraging spatial information to model US image studies as patient-level
graphs. Graph convolutional networks are trained on image-based and patch-based graphs
generated from 505 US image studies to predict nodule malignancy. Self-attention graph
pooling is introduced to produce a node-level interpretability metric that is visualized down-
stream to identify important inputs. The best performing model demonstrated an AUROC
of 0.866+0.019 and AUPRC of 0.74940.043 across five-fold cross validation, significantly

outperforming two previously published attention-based feature aggregation networks.
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5.1 Introduction

Over the past two decades, thyroid cancer incidence in the United States has nearly
tripled [KSS20]. Ultrasound (US) imaging is the primary modality used by radiologists
to assess detected nodules, but this process can be subjective and time-consuming. Moreover,
over 90% of detected nodules are clinically insignificant or benign, so uncertainty in radiologic
evaluation can lead to unnecessary fine-needle aspiration biopsies (FNABs) [DCL* 15, Ros06].
With the fundamental role of US in thyroid nodule diagnostics and the need for a more deter-
ministic, non-invasive diagnostic alternative to biopsies, research has focused on developing
deep learning methods that enhance nodule malignancy prediction from US [TT23|. In recent
years, convolutional neural networks (CNNs) have become popular for automating diagnos-
tic tasks from imaging [LCA*17, WLC*18]. Most current approaches for thyroid nodule
diagnosis select an optimal US displaying a nodule and develop a CNN-based classifier with
these images [ZCY 22, SWZ123|. This approach is limited because it requires a physician to
manually select a specific frame from an image study. More importantly, physicians typically
use multiple image views of a nodule to make effective diagnoses. In this context, a view is
defined as a specific perspective of a nodule/anatomy captured through an ultrasound image.
Given the clinical context for this diagnostic task, an improved information aggregation
technique across US studies could improve automated malignancy classification.
Methodology that combines information from various imaging perspectives has been
explored in tangential domains, such as lung CT, chest radiographs, and breast ultra-
sound [ZF21, WCC*20, KLHZ17]. But to the best of our knowledge, there has been minimal
research within the space of thyroid nodule diagnosis in leveraging features across multiple
US images. Two prior studies demonstrated how cine clips could be used to improve risk
stratification of thyroid nodules [YKA 22, WLC*22]. However, the cines for these studies
have highly correlated frames from a narrow anatomical region and are clipped to contain
a consistent view of a nodule. Huang et al. used a transverse and longitudinal image of

the thyroid, both containing a view of the nodule, to develop a model [HDJ*22|. Despite
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demonstrating potential, this approach would require the user to choose two input images
and does not leverage the remaining image study to provide additional physiological con-
text. Wang et al. also attempt to leverage whole image studies using an attention-based
feature aggregation method [WZZ120]. Most recently, Zhuang et al. proposed an ensembled
attention multiple instance learning (AMIL) approach that combines US features at various
image scales [ZIF*24]. Despite using whole US studies and exhibiting promising results, the
approaches proposed by Wang and Zhuang are trained in an AMIL framework, where each
US is treated independently, disregarding their inter-image relationships.

Graphs provide an effective alternative for modeling US. By representing image features
as nodes and accounting for inter-image relationships as edges, spatial dependencies and
contextual information can be learned through the application of graph convolutional networks
(GCNs). GCNs layer convolution operations to learn better node representations and
incorporate local and global graph structure information [KW17]. Yin et al. proposed an
end-to-end framework using a joint CNN-GCN to diagnose kidney US studies [YPL*19|. In
this case, feature similarity between deep features extracted from US frames was used as
a metric to determine connectivity. Yan et al. were the first to use GCNs in the domain
of thyroid US. In their study, a dataset-level graph was created to represent every patients’
nodules and correlate images with similar features [YYD7'21]. Despite the effectiveness of
these methods, an approach that integrates anatomical context during graph construction and
generates unique patient-level graphs could be more effective. To take advantage of untapped
opportunities with thyroid US, this chapter presents ThyGraph, a novel graph-based approach
to model image studies and improve thyroid nodule diagnosis. The main contributions are as

follows:

1. ThyGraph, a patient-level graph construction method that models US studies by

correlating anatomically related images to underscore inter-image dependencies.

2. Implementation of multi-scale graphs that use information from both full frames and

localized patches.
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3. A visualization method that leverages attention-based graph pooling to correlate
attention weights with image orientation and anatomical location, and plot the weights

for better model explainability.

5.2 Methods

5.2.1 Data Collection and Preprocessing

A retrospective, dataset of 505 US image studies from unique patients was collected from
an academic medical center. Institutional Review Board (IRB# 19-001535) of University
of California, Los Angeles gave ethical approval for this study. During an US examination,
20-80 images are taken that span a variety of anatomic regions and spatial orientations. Each
image study includes a transverse or longitudinal view of the thyroid isthmus, and transverse
(inferior, middle, and superior) and longitudinal (lateral, middle, and medial) views of the

right and left thyroid lobes.

The main inclusion criterion was a fine-needle aspiration biopsy (FNAB) performed
within one year of the US examination. The corresponding cytology report was acquired
and following the Bethesda System for Reporting Thyroid Cytopathology, the categorization
for risk of malignancy was extracted. Consistent with clinical practice, biopsies with benign
cytology were labeled as benign, while those with malignant/suspicious for malignancy
cytology were deemed malignant [ABCP*23]. In cases of multiple biopsied nodules, the
one with the highest Bethesda categorization determined the image study’s label: benign if
all nodules were benign and malignant if at least one nodule was malignant. This resulted
in 371 benign and 134 malignant image studies. Across these samples, there were 17,626
US images. Ultrasounds were passed through a data preprocessing pipeline, which involved

deidentification, negative space and artifact removal, intensity rescaling and image whitening.
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5.2.2 State-of-the-Art Baselines

The first baseline, proposed by Wang et al. (Wang model), is an attention-based aggregation
network that fuses features across an US study for thyroid nodule diagnosis [WZZ120]. The
architecture is similar to a MIL framework, but unique in that each image study is randomly
subsampled or oversampled each training iteration to ensure a consistent input size across all
studies. The second baseline, proposed by Zhuang et al., is the multi-scale, attention-based
multiple-instance learning model (MS-AMIL) ensemble model [ZIFT24]. By aggregating
features across whole frames and image patches, multi-scale information regarding the nodule
was extracted. Their best performing model, an ensemble across features from 128x128
(MS-AMIL-patch128) and 256x256 (MS-AMIL-patch256) frame patches was replicated in our

experiments.

5.2.3 ThyGraph

Image-Based Graph Construction

The dataset can be defined as D: {(sp,l,); n=1,...,N} for N image studies. [, is the label,
signifying benign or malignant, for image study s,. There are M,, ultrasound frames in image
study s,:{ fum;m = 1,..., M,,}. Each frame, f,,, has unique dimensions R*X"*1 where w
and h represent the width and height of the frame.

Every frame within an image study also has embedded text representing that frame’s
location and spatial orientation within the thyroid (ex. Left Transverse Superior). An optical
character recognition (OCR) algorithm was developed to process each frame and extract
this text. Any frames with views of surrounding lymph nodes were not included. Figure 5.1
provides a representation of the different locations and spatial orientations a frame can
have. For each frame, f,,,, its OCR output is used to determine a 2-D coordinate, (z,y).
Specifically, the x-coordinate determines whether the frame captures the isthmus, or a lateral,

middle or medial view of the left or right lobes. The y-coordinate determines whether the
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frame is in an inferior, middle or superior position. Thus, each frame’s OCR output, which
equates to the frame’s anatomical location, is mapped to a 2-D coordinate that allows us to
estimate each frame’s anatomical distance from one another.

Next, for each image study, an undirected graph is constructed in which each node is
represented by a frame-level feature vector. This feature vector, R'X%16 is a concatenation
of the final fully connected layer of a pretrained ResNet101, DenseNet201 and ResNeXt101.
Since this ensemble model demonstrated promising results in a previous study for thyroid
nodule diagnosis, it was repurposed for this task [PLL*21]. Euclidean distance is then

calculated between the 2-D coordinates for every pair of frames in the study following

a(f, f) = IlF = fll (5.1)

The adjacency matrix, A, to represent the graph’s edges is constructed to capture the weights
associated with each edge

Aij = max((), o — d(fl, fj))a (52)

where ¢ and j represent the row and column indices of the adjacency matrix, corresponding
to two different graph nodes. This definition permits the graph to assign more weight to
edges between nodes whose frames share proximate coordinates, an indicator of anatomical

proximity.

Patch-Based Graph Construction

Next, the image-based graph construction method is extended to accommodate image patches.
Each frame, f,,,, with an OCR~extracted location is tiled into nine patches, represented
as Pumk for k € [1,9], each with dimension R?*X224X1 The patch extraction algorithm
maximizes frame coverage by generating patches within the frame boundaries, avoiding
negative space. Each patch is given an additional z-dimension, extending the coordinate

representation of its source frame, resulting in a three-dimensional coordinate, (x,y, z). The
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z-coordinate represents the patch’s position along the posterior-anterior axis. By leveraging
the anatomical context provided by OCR-extracted location, each patch is represented within
the 3-D coordinate system. Now, for each image study, it is possible to build a patch-based
undirected graph, where each node is represented by a patch-level feature vector, R!X2048
which is extracted using a ResNet50 model, pretrained on ImageNet. Equation (5.1) is adapted
to calculate Euclidean distance between all pairs of patch coordinates. Then, Equation (5.2)
determines the graph’s adjacency matrix, with the patch coordinates as inputs and a different
empirically determined threshold selected accordingly. Thus, similar to the image-based
graphs, each node’s neighborhood inherently estimates that patch’s anatomical proximity to

others.

Left Longitudinal Lateral

Superior

---------

Middle

z Right Lobe  Isthmus  Left Lobe

Figure 5.1: Various spatial orientations and locations captured by frames within a thyroid
US study. The two example images are labeled with superior (S), inferior (I), medial (M)
and lateral (L) to help the viewer orient each image within the context of the 3-D coordinate
system.

GCN with Self-Attention Graph Pooling

The non-Euclidean nature of graphs can be leveraged through GCNs to promote learned
correlations. A two-layer GCN is trained on the image-based (image-GCN) and patch-based

(patch-GCN) graphs to serve as baselines. Furthermore, we explore the effect of introducing
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self-attention graph (SAG) pooling [LLK19] to the patch-GCN. The resulting patch-SAG-
GCN model includes SAG pooling after each graph convolution. SAG pooling calculates
node-level attention scores using an auxiliary graph network and then creates an attention
mask to retain a subset of nodes the network deems to be of higher value. This joint feature-
based and topology-based pooling method allows the architecture to progressively identify

more relevant nodes and capture localized graph information.

During evaluation, for each patient-level graph passed through patch-SAG-GCN, we
extract the attention scores generated by the first SAG pooling operation. Each score is
associated with a graph node, which via our graph construction method, represents a different
image patch. Since each patch has a 3-D coordinate mapping within the system in Figure 5.1,
a coordinate-level attention can be assigned. Moreover, in a given graph, certain patches can
be mapped back to the same coordinate; in this case, the aggregated attention scores are

averaged to create a mean coordinate-level attention.

5.3 Experiments

All architectures, including the Wang model and MS-AMIL baselines, are trained and
evaluated using stratified 5-fold cross validation. Evaluation metrics include area under the
receiver operating characteristic curve (AUC), area under the precision-recall curve (AUPRC),
accuracy, precision and recall. The results are reported in terms of mean and standard
deviation across the five cross validation folds. All architectures, except the Wang model,
were trained for 200 epochs with early stopping based on validation AUC and a patience
value of 25 epochs. The Adam optimizer is used with a learning rate of le-4. Weighted
cross-entropy loss is used to train the models. The Wang model was trained using different
hyperparameters in line with the original paper. The statistical significance of the proposed
models relative to the Wang model and MS-AMIL was compared at significance level 0.05

using DeLong test for AUC and Wilcoxon signed-rank test for accuracy. All experiments are
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implemented in PyTorch with a NVIDIA DGX-1.
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Figure 5.2: Overview of proposed graph construction and model architecture.

5.4 Results

First, the impact of ThyGraph graph construction method is evaluated. The image-GCN
and the patch-GCN demonstrated 0.713 and 0.847 AUC, respectively. The patch-SAG-GCN
on its own also achieved 0.847 AUC, but when ensembled with the image-GCN and patch-
GCN models (GCN-Ensemble), demonstrated 0.853 AUC. The MS-AMIL-patch128 and
MS-AMIL-patch256 branches demonstrated a 0.83 and 0.824 AUC, respectively, and when
ensembled had a 0.837 AUC. With a larger patient cohort, we were able to demonstrate
improved performance for MS-AMIL patch ensemble from the published results of 0.785+0.104
AUC. Despite this improvement, the patch-GCN still outperformed the MS-AMIL-patch128,
MS-AMIL-patch256 and the patch ensemble.

The MS-AMIL framework, although designed to independently analyze and aggregate
features across images, can still identify important input instances through its attention
mechanism. Despite the framework not considering dependencies between inputs, the patterns
it learns are still valuable in nodule malignancy prediction. To incorporate the contributions
of the MS-AMIL model with ThyGraph, we assessed an ensemble of MS-AMIL-patch128,
MS-AMIL-patch256, image-GCN, patch-GCN and patch-SAG-GCN (Full-Ensemble), which
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demonstrated an 0.866 AUC, significantly improving upon MS-AMIL (p=0.03) and Wang
model (p<0.001). The Wang model achieved a 0.632 AUC on the in-house dataset, but was
significantly outperformed by all proposed models (p<0.001). The performance discrepancy
with the Wang model can be attributed to the use of a different training dataset, and the
published results using smaller and more variably sized images studies.

Table 5.1: Model performance across the five cross validation folds comparing the proposed

approach with state-of-the-art baselines (*statistically significant compared to MS-AMIL at
significance level 0.05).

Model AUC AUPRC Accuracy Precision Recall
Wang model [WZZ"20] 0.63 £0.04 | 0.39 £0.04 | 0.63+£0.09 | 041 £ 0.06 | 0.67 &+ 0.15
MS-AMIL [ZIF*24| 0.84 £ 0.03 | 0.68 £0.06 | 0.83 £ 0.04 | 0.68 £ 0.08 | 0.73 £ 0.07
image-GCN 0.71 £ 0.06 | 0.52 £0.12 | 0.68 £ 0.07 | 0.46 £ 0.06 | 0.73 £+ 0.19
patch-GCN 0.85 +0.03 | 0.71 £0.09 | 0.81 +£0.05| 0.63+ 0.1 | 0.81 + 0.06
patch-SAG-GCN 0.85 +£ 0.03 | 0.70 £ 0.07 | 0.85 +£ 0.03 | 0.71 £ 0.05 | 0.75 4+ 0.06
GCN-Ensemble 0.85 £ 0.03 | 0.72 £0.06 | 0.85 £ 0.04 | 0.73 £ 0.08 | 0.73 £ 0.08
Full-Ensemble 0.87 + 0.02* | 0.75 + 0.04 | 0.84 4+ 0.04* | 0.69 4+ 0.08 | 0.78 4+ 0.09

5.4.1 Attention-Based Interpretability

The coordinate-level attention scores extracted from patch-SAG-GCN are visualized within a
3-D thyroid mesh [Thi|]. Each 3-D coordinate is mapped to a corresponding location within
the mesh and the coordinate-level attention scores are used to create a volumetric heat
map. Hot spots indicate that patch-SAG-GCN is focusing on imaging features from those
thyroid regions when making a certain prediction. Figure 5.3 illustrates the value of our
attention-based visualization technique in enhancing model interpretability. In case a), the
model places greater weight on features from the right lobe, which is also the location of
the biopsied malignant nodule. Similarly, in case b), the model focuses on features from the
left lobe, the location of the biopsied benign nodule. However, it also directs attention to
the right inferior lobe, which according to the cytology report, is the location of a second,

unbiopsied nodule.
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Figure 5.3: Visualization of attention heatmap overlaid on a thyroid mesh model for two
patients. The attention weights are scaled between 0 and 1 for each patient. The biopsied
nodule location, extracted from corresponding cytology report, is marked with a green X. As
indicated, the x-axis stretches from right to left, the y-axis from inferior to superior and the
z-axis from posterior to anterior.

5.5 Discussion

ThyGraph presents a novel approach to aggregate information across thyroid US image
studies. The majority of past work required manual intervention to select an optimal frame to
train, evaluate and prospectively use deep learning-based thyroid nodule diagnostic methods.
Previous approaches seeking to fuse multi-view information typically treated each image
independently, through MIL-inspired approaches, disregarding inter-image dependencies.
ThyGraph not only effectively models an US study despite its non-uniform nature but
specifically integrates spatial location information to better represent correlated ultrasounds.
Subsequently, the patch-GCN and image-GCN are able to learn multi-scale information
across the image study, and the patch-SAG-GCN promotes model explainability, allowing
us to localize suspicious regions within the thyroid. Moving forward, different patch- and
frame-level feature extractors can be considered, such as vision transformers to improve on
the current CNN-based technique. Another limitation of this paper is that further external
validation datasets from other academic institutions could help highlight this method’s
strengths and weaknesses. Ultimately, the novel graph construction method of ThyGraph

and model ensemble of MIL and GCN techniques, presents notable advantages in terms
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of automation and interpretability, enhancing our ability to effectively risk stratify thyroid

nodules.
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CHAPTER 6
US-JEPA: A Joint Embedding Predictive

Architecture for Ultrasound

Associated Publications: Radhachandran, A., Ivezi¢, V., Athreya, S., et al. (2026). US-
JEPA: A Joint Embedding Predictive Architecture for Medical Ultrasound. arXiv:2602.19322.

Ultrasound (US) imaging poses unique challenges for representation learning due to its
inherently noisy acquisition process. The low signal-to-noise ratio and stochastic speckle pat-
terns hinder standard self-supervised learning methods relying on a pixel-level reconstruction
objective. Joint-Embedding Predictive Architectures (JEPAs) address this drawback by pre-
dicting masked latent representations rather than raw pixels. However, standard approaches
depend on hyperparameter-brittle and computationally expensive online teachers updated
via exponential moving average. We propose US-JEPA a self-supervised framework that
adopts the Static-teacher Asymmetric Latent Training (SALT) objective. By using a frozen,
domain-specific teacher to provide stable latent targets, US-JEPA decouples student—teacher
optimization and pushes the student to expand upon the semantic priors of the teacher. In
addition, we provide the first rigorous comparison of all publicly available state-of-the-art
ultrasound foundation models on UltraBench, a public dataset benchmark spanning multiple
organs and pathological conditions. Under linear probing for diverse classification tasks,
US-JEPA achieves performance competitive with or superior to domain-specific and universal
vision foundation model baselines. Our results demonstrate that masked latent prediction

provides a stable and efficient path toward robust ultrasound representations.
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6.1 Background

The task-specific models developed in Chapters 4 and 5 demonstrated that deep learning
has the potential to improve thyroid nodule diagnostics in controlled settings, while also
exposing two persistent limitations. First, performance gains did not transfer cleanly outside
the distribution of training data, a pattern documented in the systematic review of Chapter
3 and confirmed in our own external validation of the multitask detection and segmentation
model from Chapter 4. Second, the annotation cost required to build even modestly sized
labeled datasets was substantial. Radiologist time, surgical correlation for malignancy ground
truth, and institutional collaboration were all necessary, and these resources do not scale to
new clinical tasks without repeating the process from scratch.

Both of these limitations reflect the same underlying problem. Task-specific models couple
representation learning to labeled data, offering no mechanism for knowledge sharing across
tasks, anatomical sites, or institutions. This section examines how the medical imaging
research community has responded to this problem, and develops the theoretical rationale for
the specific approach pursued in the remainder of this chapter. Rather than re-introducing the
SSL frameworks or the foundation model paradigm, both of which are covered in Chapter 2,
the goal here is two-fold: 1) to briefly survey the field’s transition to SSL-pretrained foundation
models, and 2) to argue that in a noisy, spatially-organized modality like ultrasound, the choice
of self-supervised pretext task is not a secondary implementation detail but a fundamental

design decision that shapes what the model learns to represent.

6.1.1 How Pretext Tasks Shape What Models Learn

The mechanisms of MAE, joint embedding architectures (JEAs), and joint embedding
predictive architectures (JEPASs) are covered in Section 2.4.2; including their respective loss
formulations and training objectives. The focus here is not on how they are trained, but on

what each one shapes the model to learn, and why those differences matter for a modality
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with ultrasound’s specific properties. Figure 6.1 depicts a representative example for each
pretext task, using MAE [HCX*21] for reconstruction, DINOv3 [SVST25] for JEAs, and
[-JEPA [ADM"23] for JEPAs.
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Figure 6.1: SSL pretext task architectures illustrated on a lung image. (a) MAE reconstructs
masked patches in pixel space. (b) I[JEPA predicts masked patch representations in latent
space from visible context. (c) DINOv3 aligns student and teacher representations across
local and global crops.

Reconstruction-based methods optimize a pixel-level objective, meaning the encoder
must produce representations sufficient to recover the specific pixel values of masked patches.
This is a concrete learning signal, but one with an important bias. Reconstruction objectives
allocate model capacity toward features that explain the most observed pixel variance, since
minimizing mean squared error over raw pixels essentially asks the model to capture dominant

directions of variation in the input. In cases where the dominant variance sources are not
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correlated with the most relevant features for a downstream task, the model learns the wrong
things. Balestriero and LeCun demonstrated this formally, demonstrating that the subspace
of features explaining the most observed pixel variance is not in general the subspace most
useful for downstream recognition tasks [BL24|. In ultrasound, the dominant variance sources
are modality-specific, such as speckle noise, acoustic artifacts, and scanner-specific intensity
gradients, all of which carry high pixel-level magnitude but limited diagnostic meaning. A
encoder pretrained with pixel reconstruction is forced to represent these phenomena well,

potentially, at the cost of the anatomical and textural features that matter for clinical tasks.

Joint embedding architectures transition prediction to representation space, decou-
pling the model from the requirement to account for pixel-level variance. By training the
encoder to align representations of two differently augmented views of the same image,
JEAs can discard low-level details that vary across augmentations and retain only what is
consistent. Theoretical analysis further confirms this advantage. Compared to reconstruction,
both JEAs and JEPAs preferentially learn high-influence features, while suppressing noisy
features during training [AIB*25, LSA*24|. However, JEA-based approaches introduce a
different assumption that the applied augmentations define what variations are treated as
semantically irrelevant. In natural imaging, random cropping, color jitter, and Gaussian
blur are reasonable choices. In ultrasound, however, the appropriate augmentation family is
far less straightforward. For example, echogenicity, which in thyroid nodule diagnostics is
directly used for clinical risk stratification, reflects relative tissue brightness. Thus, intensity-
based augmentation could disregard information that carries diagnostic meaning. Spatial
cropping may remove the surrounding anatomical context that gives a local finding its clinical
significance. Constructing effective augmentation invariances for ultrasound requires domain

expertise that is still being systematically characterized.

Joint embedding predictive architectures retain the robustness to noise that comes
with latent space prediction, but replace augmentation-defined invariances with a different

pretext task entirely. Given the visible context patches of an image, a predictor network
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must predict the latent representations of masked target patches at given spatial positions.
Rather than learning to be invariant to a set of augmentations, the model learn structural
reasoning about what is in a masked region given the visible context. To do this well, the
encoder must develop representations that capture spatial composition, structural continuity,
and how anatomical regions relate to one another across the image. JEAs do not naturally
encourage learning these properties since matching representations from different “views”
does not force the model to represent spatial arrangement. JEPAs, by construction, do not
require hand-crafted augmentations during pretraining, and therefore impose no priors about
which variations are correlated with semantic invariance. In a modality where the appropriate

augmentation family is poorly characterized, this is a meaningful practical advantage.

The distinction in what each framework encourages the model to represent has signifi-
cant consequences for downstream tasks. JEA-based models, optimized for local-to-global
alignment through augmentation-matched views, tend to focus on specific salient regions.
This focus is especially useful when diagnostic signal is localized - think fine-grained cellular
analysis in histopathology. JEPA-based models, optimized for spatial prediction, develop
representations that capture structural organization across an image. This focus is more
relevant when diagnostic meaning depends on relative arrangement of structures. In ultra-
sound, where clinically meaningful features include organ boundaries, the spatial relationship
between a lesion and surrounding tissue, and whole-organ texture patterns, this capacity for
structural representation is directly relevant. This hypothesis is directly explored through an
empirical study [IPR*26], which is not a core component of this dissertation work, but the

findings directly motivate the sections that follow.

Ultimately, the takeaway is that the pretext task is a crucial inductive bias: it determines
what the model is incentivized to represent and is strongly tied to the input modality’s noise

distribution.
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6.1.2 JEPAs as a Way Forward for Ultrasound

The argument built in this section is based on the observed limits of our task-specific thyroid
work, the field’s unresolved landscape of competing SSL approaches for ultrasound, and the
theoretical analysis of what each pretext task learns. The culmination motivates a specific
design choice: JEPA-based pretraining as the objective for a general-purpose ultrasound
foundation model.

This is not a claim that JEA-based or reconstruction-based approaches are without value.
The Pretext Matters study finds that JEA-based objectives outperform JEPA on certain
tasks where fine-grained local features dominate, and both outperform reconstruction across
ultrasound tasks. However, given what we know about ultrasound, such as its high noise
magnitude, spatially organized anatomy, and a lack of established augmentation protocols,
JEPA provides the most principled starting point for building a foundation model that
generalizes broadly across anatomical sites and clinical tasks. The remainder of this chapter
directly tackles this hypothesis through the design and pretraining of US-JEPA. Chapter 7
addresses a lack of evaluation standardization in this research through UltraBench 2.0, a tool

intended to help the community with reproducibility and benchmarking.

6.2 Introduction

Self-supervised learning (SSL) has revolutionized the ability to leverage vast unlabeled datasets
to build robust foundation models. In particular, masked image modeling (MIM) has emerged
as a dominant approach, where models are tasked to reconstruct masked image patches to
learn image semantics [HCM™25]. Although pixel-level reconstruction objectives have proven
effective in natural imaging, their utility partially depends on the assumption that local
pixel intensities correlate strongly with underlying structural representations. However, when
applied to domains characterized by low signal-to-noise ratio and acquisition artifacts, this

assumption begins to break down [XGH™24].
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The ultrasound (US) imaging domain is a prime example of this representational bot-
tleneck. US is a critical diagnostic tool in clinical settings, as it is portable, radiation-free,
and provides real-time bedside feedback. Yet, image interpretation is difficult due to in-
herent visual graininess (speckle noise), operator dependence, and substantial variability in
acquisition protocols and patient anatomy. In a traditional MIM framework, a generative,
pixel-reconstruction objective may force the model to use its representational capacity to
model these uninformative, acquisition-dependent features. Since these features, such as
blur, acoustic shadow, and pixel-level contrast, vary significantly across clinical environments,
a model trained for pixel reconstruction may overfit to these specific noise sources. The
resulting significant gap between manually curated training data and real-world settings raises
critical concerns about model robustness in out-of-distribution (OOD) scenarios. Without
a pretraining objective that prioritizes semantic invariance, US foundation models may fail
when subjected to diverse, yet realistic, ultrasound image corruptions.

The challenge of ensuring representational robustness is further compounded by the scarcity
of high-quality clinical labels, which are expensive to acquire and require specialized medical
expertise. Consequently, there is a need to train foundation models that can extract robust
US feature representations and achieve high performance on downstream tasks using minimal
supervision. Recent efforts to build US foundation models have attempted to navigate these
bottlenecks through domain-specific modifications [JZL"24, MDE'25, ZWZ"25]. Despite
their innovations, these methods ultimately remain anchored to the pixel reconstruction
paradigm, potentially underrepresenting the critical global features that distinguish different

anatomical regions and pathologies in US.

6.2.1 Ultrasound Joint Embedding Predictive Architecture (US-

JEPA)

To address these challenges, we introduce the Ultrasound Joint-Embedding Predictive Ar-
chitecture (US-JEPA). Based on Image-based JEPA (I-JEPA), US-JEPA goes beyond the
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generative pixel-filling paradigm. Instead, it operates entirely in a latent embedding space,
predicting the representations of masked target regions from a context block within the same
image. By performing feature reconstruction rather than raw pixel reconstruction, US-JEPA

can focus on learning global anatomical dependencies and tissue textures.

The I-JEPA framework [ADM™23] relies on an online teacher updated via Exponential
Moving Average (EMA) to guide a gradient-based student with smooth, yet improving targets.
This coupling is computationally expensive and sensitive to hyperparameter selection. A
core distinction of our framework is the adoption of the Static-teacher Asymmetric Latent
Training (SALT) objective [LHL25], in which a frozen teacher replaces an EMA-updated
teacher. US-JEPA uses a frozen, domain-specific teacher, the Ultrasound Representation

Foundation Model (URFM) [KLG*25]|, to provide stable targets.

URFM previously established the effectiveness of MIM for feature-level reconstruction in
ultrasound, performing knowledge distillation from BiomedCLIP [ZXUT25], a general-purpose
medical vision encoder. URFM'’s reconstruction-based objective transfers rich semantic priors
to the ultrasound domain, but remains tied to local reconstruction objectives as opposed to
global representation consistency. By using URFM as a static teacher, US-JEPA takes a
step further by leveraging the SALT latent prediction objective to refine URFM’s ultrasound-
specific representations. Rather than just reconstructing missing features, US-JEPA learns to
align representations across views within an image. This approach encourages the model to
learn anatomical context and global structure within US imaging, providing an improved

latent space for downstream clinical tasks.

To ensure the model pretrained with US-JEPA is exposed to a wide range of human
physiology, we aggregate one of the largest collections of publicly available US imaging to
date. After thoroughly searching public repositories, our pretraining dataset encompasses

approximately 5.12 million frames from 50 datasets covering 22 distinct anatomies.
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6.2.2 Standardizing Evaluation: UltraBench

A significant challenge in current US foundation model research is the lack of a standardized
evaluation protocol. Currently, most studies evaluate on disparate, often private, downstream
datasets with non-standardized splits, making rigorous iteration and objective comparison
nearly impossible. To promote reproducibility and establish a gold standard for future
work, our paper adopts and extends UltraBench [TG|, a publicly available benchmark for
US frame-level evaluation. While the original UltraBench provides a strong foundation, we
expand its scope to enhance anatomical diversity. Specifically, we include eight classification
tasks spanning various organs and pathologies, adding two new tasks for thyroid and breast
pathology.

Beyond the dataset benchmark itself, we address a critical gap in previous work: the lack
of side-by-side comparisons of available models. To the best of our knowledge, this work is
the first to perform an exhaustive linear probing evaluation across all published, publicly
available US foundation models. Previous works compare against a limited set of US-specific
baselines or rely solely on full fine-tuning, making it difficult to isolate the intrinsic quality
of the learned representations. By tuning just a linear head for the classification tasks with
a frozen backbone, we provide a standardized assessment of the learned latent space. This
rigorous benchmarking ensures that improvements from US-JEPA are measured against a
standard and relevant set of baselines, providing a clear map of the current state-of-the-art.

This work takes a significant step forward in ultrasound foundation modeling with the

following contributions:
e JEPA-based US Foundation Model: We introduce US-JEPA, the first frame-level
US foundation model built on JEPA principles.

e Label-Efficient Representations: US-JEPA achieves strong linear probing perfor-

mance with fewer labeled samples than competing baselines.

e Robustness to Domain-Specific Image Corruption: Learned representations
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exhibit increased invariance to ultrasound-specific perturbations in image quality.

e Comprehensive Benchmarking: We conduct the most comprehensive linear-probing
evaluation to date across publicly available ultrasound foundation models on eight

clinical tasks from UltraBench.

e Largest Public Pretraining Corpus: We propose the OPUS (OPen UltraSound)
dataset, the largest pretraining dataset to date for ultrasound composed exclusively

from publicly available sources.

6.3 Related Work

6.3.1 Universal Vision Foundation Models

While early SSL focused on instance discrimination and contrastive objectives (e.g. MoCo
[HFW20] and SimCLR [CKNH20b|), the field has expanded to self-distillation and predictive
modeling to capture higher-level semantics. DINO [CTM*21b| demonstrated that student-
teacher distillation with Vision Transformers (ViTs) can yield semantically rich features
without labels. This paradigm has been scaled by successors, DINOv2 [ODM*24| and
DINOv3 [SVST25], to set new benchmarks in universal representation learning. In parallel,
[-JEPA [ADM 23] proposed moving beyond methods that predict in pixel or token space. By
predicting missing latent representations from a visible context, I-JEPA learns the underlying
structural logic of an image rather than superficial textures. Despite these universal models
excelling on natural images, their direct application to US is limited by modality-specific

artifacts, leading research to investigate specialized anatomical and task-based solutions.

6.3.2 Task-Specific Ultrasound Foundation Models

A significant branch of US research focuses on adapting universal architectures for specific

clinical tasks, most notably through the specialization of the Segment Anything Model (SAM)
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[KMR*23]. Works such as SAMUS [LXYY24| and UltraSAM [MMZ*25| utilize architectural
modifications or large-scale fine-tuning on large segmentation datasets to enable interactive,
zero-shot segmentation. Beyond segmentation, SSL has proven useful for US representation
learning within specific anatomical systems. In fetal US, UltraDINO [AML*25| outperforms
general vision models and USFM by training DINOv2 from scratch on fetal-specific corpora.
In the cardiac domain, EchoNet-Dynamic and EchoFM [OHG'20, KJS*25] use large-scale
US video corpora to learn temporal cardiac dynamics and apply these representations to
clinical cardiac tasks. In parallel, others have pursued latent space prediction, with Ellis et
al. introducing JEPAs to the domain by adopting V-JEPA for ultrasound video to prioritize
temporal information over noisy pixels [EMB*25]. This approach was followed by EchoJEPA
[MFS*26], which demonstrated that JEPAs can develop a functional understanding of cardiac
cycles in echocardiography. These successes demonstrate the power of domain-specific SSL;
however, they often rely on privately curated, task-specific datasets, motivating the need for

a robust, general-purpose US foundation model.

6.3.3 General Ultrasound Foundation Models

The evolution of US foundation models has been defined by a shift from standard pixel-level
reconstruction toward domain-aware representation learning. USFM [JZL*24| was the first
to define the field by training on more than 2 million images (public and private) using a dual
spatial-frequency MIM objective, specifically designed to tackle the low spatial resolution
and noise inherent in US. Building on this precedent, USF-MAE [MDE"25| demonstrated
that pre-training exclusively on public US data (using the 370k-image OpenUS-46 corpus)
combined with noise-filtering preprocessing could significantly surpass models initialized on
natural images.

More recent efforts have integrated generative refinements and structural priors. For
instance, D2MAE [KGZ™"] uses diffusional deblurring in the MIM framework to address the

low SNR inherent to US. EchoCare [ZWZ*25] leverages a 4.5 million image dataset and
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introduces a hierarchical classification objective to teach the model nuanced anatomical
relationships.

To build on these previous approaches, US-JEPA evolves the feature reconstruction
paradigm introduced by URFM. By utilizing this domain-specific teacher and an asymmetric
latent objective, US-JEPA is designed to encode the structural logic within US, learning an

improved latent space for downstream clinical tasks.

6.4 Preliminaries

6.4.1 I-JEPA

The I-JEPA [ADM™23] architecture consists of a context encoder fy, a target encoder f,, and
a predictor g,. Given an input image x, the model operates on a sequence of non-overlapping
patches. During training, we sample a context block B, and a set of T' target blocks {B;}_,,
where each block is a subset of patches. From these blocks, we derive disjoint masks M, and
M; to ensure there is no overlap and prevent a non-trivial prediction task.

The target encoder processes the full image x to produce patch-level representations
s, = fo(z). The targets for the loss function are defined as the subset of these representations
corresponding to the i-th target mask, y; = s,[M;]. Simultaneously, the context encoder
processes only the visible image patches defined by M, to produce context embeddings
¢ = fp(z[M,]). The predictor g4 then utilizes these context embeddings, conditioned on mask
tokens p;, which indicate the target-block locations. The mask tokens are parameterized by a

learnable vector with an added positional embedding:

Yi = 9o(c; i) (6.1)

The training objective is to minimize the Smooth L, distance between the predicted y;

and actual y; target representations. To prevent representational collapse, [-JEPA employs
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an asymmetric update rule where the target encoder parameters 6 are an EMA of the context

encoder parameters 6.

6.4.2 Static-teacher Asymmetric Latent Training (SALT)

The SALT paradigm [LHL*25| helps modulate the parameter selection in the JEPA objective
by decoupling the student and teacher optimization. SALT demonstrates that a high-
performing student can emerge by predicting the latent space of a static teacher, provided

the teacher possesses reasonably sufficient semantic priors.

Here, the target encoder h, (e.g. an existing foundation model or encoder pretrained
via a different objective such as pixel reconstruction) is frozen. The target embeddings y;
become static conditioned on the input image. Gradients propagate solely through the context

encoder fy and predictor gy:

Lsaur = %Z g (fo(2[Me]), pi) = ho(2)[Mi] ][4 (6.2)

This approach eliminates the need for the EMA update, thus stabilizing the training dynamics

and reducing computational overhead.

6.5 US-JEPA

US-JEPA (Fig. 6.2) relies on the masked latent objective from I-JEPA to learn the spatial
semantics within ultrasound imaging. By forcing the student network to predict missing
anatomical structures in a latent space with the guidance of a domain-specific teacher, the
model is encouraged to develop a robust feature representation of tissue textures and organ

morphology that is invariant to pixel-level noise.
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Figure 6.2: USrc-JEPA framework. URFM is the frozen teacher that extracts target
embeddings. The student and predictor are jointly optimized with Lyg.jepa to align with the
target.

6.5.1 Self-Distillation via SALT

While the SALT framework has shown that strong students can emerge even from sub-optimal
teachers [LHL 25|, our goal was to leverage the most robust US representations to establish
a new state-of-the-art. To identify the optimal target provider, we performed an extensive
benchmarking of existing US foundation models across UltraBench. Our preliminary results
(detailed in Section 6.6) demonstrate that URFM consistently outperformed other baselines.
We select URFM to serve as our frozen teacher and investigate whether the masked latent
objective of US-JEPA can achieve better downstream performance, label efficiency in few-shot

linear probing, and improved stability against domain-specific corruptions.

In our framework, the student context encoder and predictor are optimized to minimize
the Smooth L distance between the predicted target embeddings and the URFM target

embeddings.
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6.5.2 Ultrasound Region-Conditioning (USrc)

A significant challenge in training on diverse, public ultrasound datasets is the presence of
non-anatomical artifacts. Ultrasound frames typically contain peripheral noise, including
transducer metadata, intensity scales, patient information, and large black borders. Previous
masked imaging approaches rely on raw frames, which is suboptimal since it allows non-
ultrasound content to be sampled. We hypothesize that uniform random masking in I-JEPA
might inadvertently task the model with predicting these meaningless regions, wasting
representational capacity. To test this, we introduce USrc as a spatial prior to isolate the

anatomical signal.

Let z € RF*W be the input ultrasound image and R € {0,1}7*W be a binary region
mask, where R;; = 1 denotes valid ultrasound signal and R;; = 0 denotes background. We
tile the image into non-overlapping patches and define the set of valid patches P,q:q4 as those

containing at least one pixel within R.

Target Sampling: Targets correspond to representations of image blocks. We feed =
through the frozen target encoder hy, to obtain patch-level representations s, = hy,(z). We
sample T candidate blocks {B;}X | based on scale and aspect ratio constraints. We employ a
rejection sampling strategy where a candidate block is accepted only if its intersection with

Poatia €xceeds a threshold 7:

M; = B; N Pyaia, subject to |M;| > 1 (6.3)

The final targets are the representations y; = s,[M,].

Context Sampling: We sample a context block B, with specific scale and aspect ratio
constraints. To ensure a non-trivial task, we remove any regions overlapping with the target

blocks and apply our overlap constraint:

M. = B.N Pyaia, subject to |M.| > 7 (6.4)
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The masked context x[M,] is processed by the context encoder fy to obtain ¢ = fy(x[M,]).
Optimization: The training objective is minimized strictly over these anatomical
intersections. The predictor aims to minimize the Smooth L; distance between the predicted

student embeddings and the frozen teacher embeddings:

T
1
Lus.JEpa = T ZZI Smooth L1 (g¢(C,pi), Yz') (6.5)

By constraining both input and output to Pyuiq, US-JEPA with USrc (USrc-JEPA)

engineers the inputs to only model tissue texture and anatomical structure.

6.5.3 Training Pipeline

To facilitate standardization across our aggregated corpus of US frames, we implement a
standardized preprocessing and sampling pipeline for training.

Preprocessing: Images are first converted to grayscale. Regions with minimal colored
artifacts or annotations are inpainted as long as they occupy less than 5% of the total image
area. The image is cropped to remove any negative space around the ultrasound content. To
normalize for varying transducer gain settings across datasets, we perform intensity rescaling
by mapping the 27¢ and 98" percentiles of the pixel distribution to the full dynamic range.
The USrc mask is used to condition the intensity rescaling only within the US content.

Data Balancing Strategy: A significant challenge in aggregating public medical datasets
is the extreme variance in dataset size, which risks biasing the model toward the larger datasets.
We mitigate this through a weighted dataset-level sampling strategy, where we define an
upper bound sampling threshold N; of 50,000 to limit the effective size of each dataset per
training epoch. For each dataset D; with actual size | D;|, the effective count is min(|D;|, Ny),

and the sampling probability is:

min(|D;|, Ny)
> min(| Dy, Ny)

P(D;) = (6.6)

102



This strategy ensures that datasets larger than N; contribute equally during training,
while smaller datasets contribute proportionally to their true size, balancing data diversity

against over-representation of the largest sources.

6.5.4 US-JEPA Architecture

Both the student context encoder and the frozen URFM teacher employ a ViT-B/16 backbone
with patch size 16 and embedding dimension 768, processing 224 x 224 inputs. The predictor
is a narrower transformer with output dimension 384, followed by a linear projection head to
align with the teacher’s embedding space prior to Smooth L, loss computation. Per image,
we sample one large context block (scale [0.85,1.0]) and four target blocks (scale [0.075,0.125],
aspect ratio [0.75,1.5]), enforcing non-overlapping masks to ensure the prediction task is
non-trivial. We train for 100 epochs with batch size 128 using AdamW. Full hyperparameters

are provided in Appendix 6.8.3.

6.6 Experiments and Results

6.6.1 Data

Pretraining Dataset

We introduce OPUS, to our knowledge the largest aggregation of publicly available ultrasound
data, comprising 5,123,697 frames curated from 50 distinct publicly available datasets
(Fig. 6.3). Both US-JEPA and USrc-JEPA are pretrained on OPUS. The data contains three
different US acquisition types, with a majority (79.7%) of the frames derived from temporal
video sequences and the remaining from volumetric (3D) scans or static 2D images. The
dataset also spans a wide range of human anatomy, including major organ systems and
important ancillary structures. Cardiac data represents the largest subset (23,904 videos),

largely sourced from high-volume video datasets like EchoNet-Dynamic and EchoNet-LVH.
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a. Video and Volume b. Static Frames

Cardiac n,:23904 Liver nf:191964
Thyroid n,:17899  Other ng: 120564
Prostate n,:1910 Kidney n¢: 115237
Liver n,:910 Thyroid ng:110786
Other n,:694 Gallbladder nf:51682
Lung n,:536 Pancreas ng:34749

Figure 6.3: Distribution of pretraining data. To characterize the dataset composition at
the organ level, we report the distribution of (a) temporal sequences, including videos and
volumes (n,), and (b) individual static frames (ny).

This is complemented by significant representations of key organs, including the liver (318K
frames), thyroid (264K frames), and prostate (227K frames), as well as breast (79K frames)
and lung (55K). The data originates from a diverse array of clinical contexts, ranging from
large-scale institutional repositories (e.g. Stanford, TCIA, RadlmageNet) to more specialized,
curated datasets, providing the model with exposure to varying image qualities, transducer
frequencies, and pathological presentations. Further details regarding the OPUS pretraining

dataset are included in Appendix 6.8.1.

UltraBench Downstream Dataset

To ensure standardized and reproducible evaluation, we leverage UltraBench |TG]|, a publicly
available benchmark encompassing diverse ultrasound tasks across segmentation, detection,
and classification. We add implementation for BUSBRA and TN5000 to UltraBench to expand
anatomical coverage for breast and thyroid. Our evaluation focuses on eight classification tasks,
comprising both binary and multi-class endpoints (Table 6.1), to assess the discriminative
ability and representation quality of our models. Five of the eight datasets focus primarily

on cancer detection. FATTY LIVER and POCUS have non-oncological applications in fatty
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liver disease detection and lung pathology detection (healthy, pneumonia, and COVID),
respectively. Lastly, BUTTERFLY is a general multi-organ detection task. In Section 6.6.3
and Section 6.6.4, our figures specifically show results for four datasets: FATTY LIVER and
POCUS (non-cancer), MMOTU (challenging 8-class task), and BUSBRA (cancer-specific

performance).

Table 6.1: Summary of downstream datasets used for classification tasks, including the target
organ, number of classes (Y'), and total image counts. All datasets are public.

Dataset Organ Total Images
AUL (Y=3) Liver 735
BUSBRA (Y=2) Breast 1064
BUTTERFLY (Y=9) Multi-Organ 41076
FATTY LIV. (Y=2) Liver 550
GBCU (Y=3) Gallbladder 1255
MMOTU (Y=38) Ovary 1469
POCUS (Y=3) Lung 2064
TN5000 (Y=2) Thyroid 5000

6.6.2 UltraBench Evaluation

To effectively evaluate the feature quality of US-JEPA and USrc-JEPA, we compare their per-
formance against baselines using the standard SSL practice of linear probing [AB18|. We iden-
tified six US foundation models with publicly available pretrained weights: USFM [JZL*24],
URFM [KLG*25], USF-MAE [MDE*25|, EchoCare [ZWZ"25|, UltraSAM [MMZ*25]|, and
SAMUS [LXYY24]. UltraSAM and SAMUS are foundation models specifically developed
for segmentation tasks, while the remaining are general ultrasound foundation models. Fur-
thermore, we evaluate against two pretrained, state-of-the-art universal vision foundation
models, DINOv3 and I-JEPA, which serve as out-of-domain benchmarks. To better isolate
the contribution of our pretraining dataset, we use OPUS to train a ViT-Base under a
standard MAE framework (MAE*) and retrain URFM from scratch (URFM*) using its

defined architecture and hyperparameters. The final baseline is a ViT-Base trained with
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[-JEPA (I-JEPA*), using the original EMA-updated teacher setup to better understand the
impact of SALT’s frozen-teacher approach. Using the image encoder from each framework
as a frozen feature extractor, we train linear probes for each downstream task across five

random seeds to measure stability (Table 6.2 and 6.3).

Table 6.2: Linear probe on downstream datasets. We compare results of linear probes
trained using our proposed method against state-of-the-art baselines. We report the mean
macro F1 score % over five seeds for all eight downstream datasets. Bold indicates the best
result and underlining indicates the second best.

Model AUL BUSBRA BUTTERFLY FATTY LIV. GBCU MMOTU  POCUS TN5000

DINOv3 64.3+£0.6  70.9£1.7 91.7£0.4 55.84+5.5 61.7+£0.5 37.2+0.6 91.4+£04 67.5£0.4
I-JEPA 61.5£1.1 71.244.0 90.5£0.6 54.8+1.6 53.7£0.4  35.3+0.6 88.1£0.4 68.9£0.2

UltraSAM 62.6+3.1 70.2£3.1 89.6+2.4 66.9+3.3 43.5+4.9 39.7£1.8 87.3%£2.1 63.9£2.0
SAMUS 40.2+£09  65.9+0.3 91.5+0.0 42.1£0.0 48.8+0.3 20.4+0.2 76.2+£0.1  51.7£0.0
EchoCare 49.242.4  64.440.0 84.1£0.7 42.140.0 36.2+0.5  21.14+0.1  73.84£3.9 49.8£3.8
USF-MAE  58.1+1.4 62.940.5 91.1£0.3 42.1+0.0 45.940.3 28.7+0.3 90.1£0.0 56.3£1.1

USFM 61.6+1.2  74.6+0.5 92.440.3 73.6£8.8 67.4+0.6 33.840.3 85.7£0.5 65.0£2.6
URFM 69.5+0.4  72.74+0.3 92.7+0.4 71.841.9 55.440.8 41.940.1 92.1£0.0 78.1£0.3
US-JEPA 69.6+1.5 T73.8+1.1 90.84+0.3 82.5+1.1 67.0+14 52.2+0.2 93.1+0.0 73.1£0.7
USrc-JEPA  67.6+0.5 76.0+£1.2 91.54+0.6 89.2+0.9 70.2+0.5 46.840.2 92.54+0.1 70.8£1.3
Table 6.3: Linear probe on downstream datasets — controlled pretraining com-

parison. We compare our models against frameworks retrained on our pretraining corpus.
MAE* denotes a ViT-Base trained under a standard masked autoencoder framework on our
data; I-JEPA* denotes I-JEPA with an EMA-updated teacher trained on our data; URFM*
denotes URFM retrained on our data using its original hyperparameters. We report the mean
macro F1 score % over five seeds for all eight downstream datasets. Bold indicates the best
result and underlining indicates the second best.

Model AUL BUSBRA BUTTERFLY FATTY LIV. GBCU MMOTU  POCUS TN5000
MAE* 64.5£0.0  70.4%0.5 89.0£0.2 82.4+£0.0 62.5£0.0 41.0+£0.4 92.5£0.2  68.5+0.7
[-JEPA* 57.8£1.3 69.241.3 82.84+0.6 83.6£7.2 52.2+£1.2 29.840.2 83.8£0.5 55.54+3.4
URFM* 72.1+£0.2  71.240.2 93.6+0.1 89.9+0.0 62.9+0.2 45.9+0.5 90.9+£0.0 71.0£0.3
US-JEPA 69.6£1.5 73.841.1 90.8+0.3 82.5£1.1 67.0£14 52.2+0.2 93.1+0.0 73.1£0.7
USrc-JEPA  67.6+£0.5 76.0+£1.2 91.5+0.6 89.24+0.9 70.2+0.5 46.8+£0.2 92.54+0.1 70.84+1.3

Direct Comparison

US-JEPA and USrc-JEPA each achieve state-of-the-art performance on three of the eight

tasks (AUL, MMOTU and POCUS for US-JEPA, and BUSBRA, FATTY LIV. and GBCU
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for USrc-JEPA). They each also fall in second place on two tasks (FATTY LIV. and TN5000
for US-JEPA, and MMOTU and POCUS for USrc-JEPA). BUTTERFLY is the only task
that our models underperform against the top 2 baselines, URFM and USFM. However,
even in this case, the difference is less than 2% macro F1, and for a task where all models
achieve competitive performance indicating it may be a relatively trivial task. Notably,
our models excel in the most challenging scenarios where baseline methods struggle. The
MMOTU dataset entails an eight-class ovarian tumor classification task. Average baseline
performance drops below 40% on MMOTU, while US-JEPA establishes a new benchmark of
52.2%, surpassing the best baseline, URFM, by 10.3%. While URFM performs strongly on
TN5000, our models still offer superior performance on the remaining downstream tasks, and
clearly beat general-purpose vision models (DINOv3 and I-JEPA) and the majority of the

domain-specific baselines.

Controlled Pretraining Comparison

Table 6.3 isolates the contributions of our pretraining corpus and architectural design by
comparing baselines retrained on OPUS. MAE* and [-JEPA* underperform our models across
all tasks, confirming that the pretraining data alone does not account for the gains from
our framework. URFM*, which retrains the URFM architecture on OPUS, outperforms the
original URFM on 5 of 8 downstreams, providing direct empirical support that OPUS yields
stronger representations. The notable difference is with TN5000, where URFM achieves a
macro F1 of 78.1 whereas URFM* drops to 71.0. Lastly, despite URFM* being a strong
data-controlled baseline, US-JEPA outperforms URFM* on 5 of 8 tasks, demonstrating that

our architectural contributions provide complementary gains beyond pretraining data alone.

6.6.3 Few-Shot Scaling for Linear Probe

To evaluate the efficiency and transferability of our models’ representations, we measure

downstream performance with varying amounts of supervision. For each dataset, we train
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linear probes (across five seeds to measure stability) on every model’s frozen features using
stratified subsets of the training data: {1%, 5%, 10%, 50%, 100%}. By preserving the original
UltraBench splits and class prevalence through subsampling, we quantify how effectively
pretrained features aid learning in low-shot regimes. Superior representation quality is
evidenced by higher quantitative performance across all label densities, and by a less severe
performance drop as label density decreases.

Fig. 6.4 illustrates macro F1 performance across four datasets under varying label quantities
for linear probing. We compare degradation against URFM and USFM. This pattern is most
clearly seen with the FATTY LIVER downstream. When probes are trained with less than
50% of labels, our models achieve an average macro F1 of 19% higher than the URFM and
USFM baselines. For the POCUS task, a similar trend is observed where the mean macro F1
degrades more severely for the baselines compared to our models. As probes are trained with
fewer labels, even for BUSBRA, MMOTU, and GBCU (Appendix 6.8.4), our models are at
least on par, if not better than URFM and USFM. Complete results for all downstream tasks

are included in Appendix 6.8.4.

6.6.4 Robustness to Domain-Specific Corruption

To evaluate the stability of US-JEPA and USrc-JEPA under distribution shifts, we perform
an incremental stress test consisting of three synthetic, domain-specific image corruptions:
Gaussian blur, contrast depletion, and correlated speckle noise. The first motivation for this is
that in real-world clinical environments, ultrasound image quality is frequently compromised
by hardware constraints, operator variability, and suboptimal acquisition settings. The second
is to demonstrate that the JEPA-based pretraining objective encourages the model to learn
global, structural relationships, and not expend model capacity on pixel-level variance.

For each corruption type, we evaluate downstream performance on test sets across three
levels of increasing severity (e € {1,2,3}). While blur and contrast are implemented via

standard intensity transforms, we model speckle as a multiplicative, spatially-correlated
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Figure 6.4: Results for few-shot scaling. We report the mean macro F1 score % over
five seeds for each model’s probe to measure performance with 1% to 100% of training
labels. Note: each dataset is plotted on a unique y-azis scale to better highlight model-specific
performance trends.
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Figure 6.5: Robustness to domain-specific corruption. Results show the mean macro
F1 across five seeds for each model-dataset—corruption permutation. Linear probes were
trained on full, uncorrupted training sets and evaluated on increasingly corrupted test sets to
assess structural representation stability.
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process to approximate the “grainy” texture inherent to ultrasound scans. More detailed

implementations for these corruptions are provided in Appendix 6.8.5.

Fig. 6.5 visualizes the performance degradation for a subset of downstream tasks, with the
remaining tasks detailed in Appendix 6.8.5. Most notably, both US-JEPA and USrc-JEPA
demonstrate significant resilience to the blur corruption. On the POCUS dataset, URFM
degrades to less than half its uncorrupted performance, dropping from 92.1 to 41.8 F1 at
maximum blur severity. In contrast, US-JEPA and USrc-JEPA are much more resilient, with
F1 only dropping to 69.5 and 78.4 respectively at maximum blur severity. Similarly, on the
BUTTERFLY dataset (Appendix 6.8.5), URFM drops to 17.8 F1 under severe blur, while
US-JEPA and USrc-JEPA maintain F1 performance at 80.8 and 70.9. In these severe blur
cases, the second baseline USFM drops to 77.8 and 59.8 F1 for POCUS and BUTTERFLY,
exhibiting less degradation than URFM but still performing worse than both our models for
BUTTERFLY.

Regarding texture and intensity corruptions, our models match or exceed URFM and
USFM for most downstream tasks. One unique weakness is observed on GBCU (Ap-
pendix 6.8.5) where URFM maintains consistent performance with F1 only decreasing by

6.2% from normal to the highest contrast severity, while our models drop by 47%.

For speckle corruption, our models demonstrate remarkable stability. Specifically, on
BUTTERFLY, US-JEPA and USrc-JEPA only drop by 0.6% and 9.8% under severe speckle
noise (e = 3), whereas USFM and URFM drop by 25% and 44.1%. Notably, across all
downstream tasks US-JEPA outperforms or matches URFM and USFM under peak speckle
severity (USrc-JEPA does so for 6/8 downstreams), demonstrating robustness to this prevalent
ultrasound-specific noise. While USFM shows competitive results against USrc-JEPA on
four tasks, it remains inferior to USrc-JEPA on the remaining, often by substantial margins,

reaching a performance gap of up to 34.4% on FATTY LIVER.

Ultimately, this stress test quantifies the invariance of our learned representations under

significant corruption relative to the current state-of-the-art. By evaluating against domain-
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specific synthetic noise, we provide a practical validation of US-JEPA and USrc-JEPA’s
feature stability, a critical requirement given the high variance in US image quality across
different manufacturers, operators, and clinical environments. The observed performance
under corruption suggests that our approach is able to better capture structural semantics in

US instead of overfitting to superficial, pixel-level features.

6.6.5 Visualizing Learned Representations

UMAP Feature Maps: The US-JEPA and USrc-JEPA models produce generally distinct
and separable clusters for each downstream dataset (Fig. 6.6), whereas the URFM baseline
demonstrates more overlap between representations for non-related anatomical structures (e.g.,
gallbladder and lung). We also note that our models adjacently cluster samples from the AUL
(liver) and GBCU (gallbladder, with views of the liver) datasets, indicating that the features
may capture overlapping anatomical regions. Lastly, for the multi-organ BUTTERFLY
dataset, US-JEPA and USrc-JEPA form distinct clusters, which are correlated with their

unique organ label.

Attention Maps: Appendix 6.8.6 contains examples of attention maps to illustrate that
our models consistently prioritize global structure and anatomical context. This trend is
evidenced by specific observations across key datasets. In GBCU, our models capture liver
and gallbladder boundaries along with surrounding peripheral tissue. In BUSBRA, our
models attend to lesion contours, internal architecture, and stromal tissue. In AUL, our

models maintain attention toward liver boundaries and broader tissue structures.

We observe similar patterns across the remaining datasets, where our models consistently
capture the global structure and anatomy relevant to the task. These visualizations lend
qualitative support to our claim that the JEPA objective encourages the model to learn
the spatial continuity and relationships inherent to ultrasound rather than just focusing on

clinically insignificant intensity differences or high-contrast regions.
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Figure 6.6: UMAP feature visualizations. UMAP projections of features extracted from
US-JEPA, USrc-JEPA, and URFM across downstream datasets.

6.7 Discussion

We present US-JEPA, a novel approach that demonstrates that training using a JEPA
framework with a robust, static teacher yields stable, data-efficient representations for
ultrasound. By adopting the SALT paradigm, we decouple the optimization of the student
and teacher and leverage the semantic priors of a domain-specific teacher. Furthermore,
with USrc-JEPA we show that adding USrc to the framework also achieves state-of-the-art
performance on certain downstream tasks. This contribution is highlighted in our downstream
stress tests: our models remain robust in low-data regimes for linear probing and maintain
performance during evaluation with domain-specific corruptions.

This work also advances standardization in ultrasound foundation model evaluation
through three key contributions: 1) a rigorous linear probing comparison across all pub-
lished models to establish standardized baselines for future benchmarking, 2) an expanded
UltraBench incorporating TN5000 and BUSBRA for broader anatomical coverage and 3)
the aggregation of OPUS, the largest publicly defined corpus of US imaging to date. By
pretraining US-JEPA with OPUS, we demonstrate superior results against previous US

foundation models on a majority of downstream tasks across relevant clinical domains.

Clinical Implications: First, our investigation into learning label-efficient representations
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proved insightful for understanding which ultrasound foundation models are sample efficient.
We observed that both US-JEPA and USrc-JEPA models were able to achieve as good, if not
better, performance compared to the strongest baselines, USFM and URFM, in lower label
regimes. These empirical results better position our proposed models to be more practically
useful in resource-limited clinical settings, where annotated data may be difficult to acquire
for fine-tuning, but a task-specific model is still necessary. Second, the experiments with
domain-specific corruption provide a deeper understanding of how robust models are to
synthetic, pixel-level corruptions. This experiment is an attempt to simulate real-world
variability in visual appearance (e.g., transducer types, operators, etc.). More importantly,
our models perform as well, or better, than baselines, USFM and URFM, under a majority

of corruption-severity combinations.

Limitations: Our robustness evaluation relies on synthetic corruptions (Gaussian blur,
contrast depletion, and speckle) as reproducible proxies for clinical artifacts. While these
stress tests assess a model’s reliance on global structure over pixel-level texture, they do not
fully capture complex ultrasound-specific phenomena such as acoustic shadowing or motion
artifacts, whose occurrence depends on anatomical context and acquisition dynamics that are
difficult to simulate without ground-truth maps. Future work will validate robustness against
real-world distribution shifts, such as heterogeneous scanner settings, to more directly assess

generalizability of models.

A second limitation concerns sensitivity to organ-level data density in pretraining. The
performance gap between URFM and URFM* on thyroid nodule classification (TN5000),
dropping from 78.1 to 71.0 macro F1, is likely attributable to the substantially lower thyroid
prevalence in OPUS (5.2%) relative to the original URFM pretraining corpus (44.2%). This
observation lends evidence to dataset scale alone being insufficient; anatomical or pathological
balance in pretraining data composition may also meaningfully shape the quality of learned
representations [WZG*26]. More broadly, underrepresented organs such as the thyroid

and gallbladder may constitute failure modes for models pretrained on large-scale datasets
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without sufficient heterogeneity. Building a more principled understanding of how organ-
and pathology-level density affects downstream representations remains an open challenge,
and future work will extend our dataset-weighted sampling strategy to explicitly account for
organ- and pathology-level prevalence during pretraining.

Future Directions: Our work opens a new research direction in ultrasound foundation
models by demonstrating that JEPA-based latent prediction is a viable and effective pretrain-
ing objective for this domain. While considerable effort has gone into frame-level foundation
models, ultrasound video and volumetric imaging remain largely underexplored. Given the
inherent spatiotemporal and volumetric structure in these modalities, masked latent recon-
struction in the representation space offers a well-suited inductive bias for learning meaningful
features. Beyond pretraining, broader task-specific downstream evaluation, spanning seg-
mentation, detection, and regression alongside classification, would help surface application
areas where current models struggle. And lastly, more systematic comparisons with task-
and anatomy-specific foundation models would clarify how pretraining data composition and
architectural design jointly shape learned representations and downstream performance.

Our findings confirm the utility of the JEPA framework for ultrasound self-supervised
learning and provide an argument that joint-embedding predictive architectures could be a

powerful way forward in learning stronger features from ultrasound imaging.

6.8 Appendix

6.8.1 Dataset Details
OPUS: Dataset Composition

For complete transparency, we have included the name of each dataset and associated

metadata in OPUS.
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Table 6.4: Comprehensive breakdown of datasets used, categorized by anatomical region,
frame type, and total frame count.

Dataset Name Anatomy Frame Type Frame Count
ultrasoundcases.info Abdominal Static 3199
abdominal US [VOIL20| Abdominal Static 617
ultrasoundcases.info Appendix Static 781
ultrasoundcases.info Bladder Static 450
USAnotAI [KA24a] Bladder Static 61
RadImageNet [MLR 22| Bladder Static 758
USAnotAI Bowel Static 61
ultrasoundcases.info Brain Static 466
ReMIND [JDK*23] Brain Video 18734
ultrasoundcases.info Breast Static 4956
BUSI [ADGKF19] Breast Static 780
BUS_UC [Igh23b] Breast Static 811
Breast-Lesions-USG [PCD*24] Breast Static 256
BUSC [Igh23a] Breast Static 250
DatasetA [JRAE124] Breast Static 250
BUV |[LLZT22] Breast Video 25026
BUID [AAMMAAA23| Breast Static 205
ABUS-TDSC [LXC™25] Breast Volume 44474
Breast_S1 [GDWG21] Breast Static 201
UDIAT [YPM*1§] Breast Static 163
BUSI_WHU [HZZ™"23| Breast Static 927
BUS_UCLM |[VBD*24] Breast Static 683
cardiacCCAUS [Aga22] Cardiac Static 1100
ultrasoundcases.info Cardiac Static 1443
EchoNet-LVH [DCY *22] Cardiac Video 1957928
Carotid US Boundary Study [Mei22] Cardiac Static 500
CAMUS [LSP*19] Cardiac Video 19232
cardiacUDC [YDZ"23] Cardiac Video 38071
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Dataset Name Anatomy Frame Type Frame Count
EchoNet: Tee-View-Classifier [SCGT24] Cardiac Video 55261
EchoNet Dynamic [OHG] Cardiac Video 1770636
RadImageNet Cardiac Static 19062
RadImageNet Fibroid Static 2095
GB1 [TMOB™25] Gallbladder Static 10692
USAnotAl Gallbladder Static 61
RadImageNet Gallbladder Static 39743
ultrasoundcases.info Gallbladder Static 1186
GIST EUS [HBL*23| Gastrointestinal ~ Static 514
ultrasoundcases.info Gastrointestinal =~ Static 2618
USAnotAl Kidney Static 61
TRUSTED [NFT*25] Kidney Volume 7280
OpenKidney [SRHT22] Kidney Static 500
RadImageNet Kidney Static 111252
ultrasoundcases.info Kidney Static 3924
RadImageNet Liver Static 78535
ultrasoundcases.info Liver Static 2714
USAnotAl Liver Static 61
SYSU-CEUS-FLL |[LCHL14| Liver Sampled Video 110654
B-mode-and-CEUS-Liver [ELW21] Liver Video 126543
COVID-Blues [BWC*21] Lung Video 31696
COVIDx-US [EXM*22] Lung Video 22697
ultrasoundcases.info Lung Static 714
ultrasoundcases.info Lymph node Static 320
ultrasoundcases.info Muscle Static 17459
Mus-V [GMC*24] Muscle Sampled Video 3114
MuscleUS [Mei21] Muscle Static 8169
UBPD [DYWT22] Nerve Sampled Video 955
ultrasoundcases.info Nerve Static 458
NerveUS [MSH'16] Nerve Static 11143
ovarianUS [BSS*25] Ovarian Static 301
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Dataset Name Anatomy Frame Type Frame Count

PCOS_US [CK] Ovarian Static 3841
RadImageNet Ovarian Static 3595
ultrasoundcases.info Pancreas Static 1506
LEPset [LZW 23] Pancreas Static 11493
105US [HBHT*17] Pancreas Static 105
RadImageNet Pancreas Static 21645
RadImageNet Portal Vein Static 769
ProstateTRUS [BSM*23| Prostate Volume 5037
Prostate-MRI-US-Biopsy [NPM*20] Prostate Volume 219484
MUPSD [SB24] Prostate Volume 2910
ultrasoundcases.info Reproductive Static 3446
RadImageNet Spleen Static 6520
ultrasoundcases.info Spleen Static 1207
USAnotAl Spleen Static 61
RadImageNet Thyroid Static 92598
SegThy [KED*22] Thyroid Volume 136243
ultrasoundcases.info Thyroid Static 2011
Thyd2 [HHZ24] Thyroid Static 8489
DDTI [PVNT15] Thyroid Static 610
TG3K [gon26] Thyroid Static 3585
TN3K [gon26] Thyroid Static 3493
Stanford Thyroid Cine [YKA 22| Thyroid Video 17412
RadImageNet Uterus Static 13312
Yang [Tia23] Uterus Static 1973

Downstream Datasets

Below, we provide a more detailed description of each downstream dataset, summarized
in Table 6.5. We use the publicly available UltraBench tool to set up the datasets and

corresponding training, validation and test splits. We contribute two more datasets, BUSBRA
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and TN5000, to UltraBench for a more comprehensive downstream evaluation.

Annotated Ultrasound Liver (AUL): The Annotated Ultrasound Liver (AUL) dataset
is a collection of 2D liver ultrasound images introduced for research on automated liver lesion
analysis and mass characterization [XZL*23|. It comprises images acquired from distinct
patients and includes expert annotations delineating the liver boundary and, when present,
lesion contours. Each image is additionally assigned a clinical label reflecting the presence
and type of focal liver mass, enabling both region-aware and image-level learning. The
dataset spans a wide range of image resolutions and visual appearances, capturing realistic
variability in ultrasound acquisition and anatomy. We use AUL for a supervised image-level
mass classification downstream task with three classes: malignant mass, benign mass, and
normal (no mass). The full dataset contains 735 images in total. We follow a fixed split
consisting of 529 images for training, 59 for validation, and 147 for testing, ensuring that all

splits remain patient-independent and preserve the original class distribution.

Butterfly: The Butterfly dataset was released by Butterfly Network for the 2018 MIT
Grand Hack to promote research in point-of-care ultrasound understanding [But18]. It
comprises ultrasound images acquired using the Butterfly iQ device from multiple anatomical
regions across 31 patients, reflecting the diversity and variability encountered in real-world
bedside imaging. Each image is labeled according to the anatomical site being examined,
enabling supervised learning for anatomical recognition in ultrasound. We use the Butterfly
dataset for a supervised organ classification downstream task with nine classes: Morison’s
pouch, bladder, heart (parasternal long-axis view), heart (four-chamber view), heart (two-
chamber view), inferior vena cava, carotid artery, lungs, and thyroid. The dataset contains
a total of 41,076 images, with 28,053 images used for training, 6,272 for validation, and
6,751 for testing. All splits are patient-independent to prevent data leakage and ensure fair

evaluation.

Fatty Liver: The Fatty Liver dataset consists of B-mode liver ultrasound images

introduced for studying automated detection of hepatic steatosis and non-alcoholic fatty liver
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disease (NAFLD) [BSS*18]. The dataset includes images acquired from multiple patients
with expert clinical labeling based on the presence of fatty infiltration in the liver parenchyma.
It has been widely used to evaluate representation learning and transfer learning methods
for liver ultrasound analysis, particularly in low-data clinical settings. We use this dataset
for a supervised image-level fatty liver discrimination downstream task with two classes:
normal liver and NAFLD. The dataset contains a total of 550 images, drawn from 55
patients. We use 390 images for training, 50 for validation, and 110 for testing. All splits are

patient-independent to ensure a fair assessment of generalization performance.

GBCU: The Gallbladder Cancer Ultrasound (GBCU) dataset was introduced to sup-
port research on automated gallbladder lesion characterization from abdominal ultrasound
images [BGR'22]. It consists of expert-annotated images collected from a diverse patient
cohort and labeled according to underlying pathology, enabling supervised learning for
clinically relevant gallbladder cancer assessment. The dataset captures a range of normal
and diseased presentations and has been used to benchmark deep learning methods for
malignancy discrimination in ultrasound. We use GBCU for a supervised image-level lesion
malignancy classification downstream task with three classes: normal, benign, and malignant.
The full dataset contains 1,255 images in total. We use 1,019 images for training, 114 for
validation, and 122 for testing. The original dataset provides a fixed train—test split with no
patient overlap; the validation set is created by further splitting the training data, as patient

identifiers are not available to enforce strict separation.

MMOTU: The Multi-Modality Ovarian Tumor Ultrasound (MMOTU) dataset was
introduced to facilitate research on ovarian tumor analysis using ultrasound and contrast-
enhanced ultrasound imaging [ZLB*23|. It provides expert annotations and diagnostic labels
for a diverse set of ovarian pathologies, supporting both localization and classification tasks.
In this work, we consider only the 2D ultrasound images and associated labels, focusing on
image-level learning for ovarian tumor characterization. We use MMOTU for a supervised

multi-class image-level tumor classification downstream task with eight classes: chocolate
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cyst, serous cystadenoma, teratoma, theca cell tumor, simple cyst, normal ovary, mucinous
cystadenoma, and high-grade serous cystadenocarcinoma. The dataset contains 1,469 images
in total. We use 800 images for training, 200 for validation, and 469 for testing. The
original dataset provides a fixed train—test split, and the validation set is obtained by further
splitting the training data, as patient identifiers are not available to enforce strict patient-level

separation.

POCUS: The Point-of-Care Ultrasound (POCUS) dataset was introduced to support
automated diagnosis of lung pathologies, particularly COVID-19, from bedside ultrasound
imaging [BWCT21|. It aggregates lung ultrasound data acquired using convex and linear
probes from multiple sources, reflecting real-world variability in point-of-care acquisition.
The dataset has been widely used to benchmark deep learning methods for pulmonary
disease recognition in ultrasound under heterogeneous data conditions. We use POCUS for
a supervised image-level lung pathology classification downstream task with three classes:
healthy, pneumonia, and COVID-19. Following the preprocessing protocol described in the
original work, we use 29 convex-probe images and extract frame-level samples from 124
convex-probe videos while grouping frames by video to avoid data leakage across splits. The
resulting dataset contains 2,064 images in total, with 1,444 images used for training, 177 for

validation, and 443 for testing, ensuring strict separation at the video level.

BUSBRA: The BUS-BRA (Breast Ultrasound Brazil) dataset was introduced to support
the development and standardized evaluation of computer-aided diagnosis systems for breast
ultrasound imaging, with an emphasis on clinically meaningful annotations and reproducible
benchmarking [GFGCCdAP24|. Tt consists of anonymized breast ultrasound images acquired
from female patients during routine clinical examinations and includes expert-provided lesion
delineations and biopsy-confirmed pathology labels. In addition to image-level diagnostic
labels, the dataset incorporates BI-RADS assessments assigned by an experienced ultrasonog-
rapher, enabling research across multiple levels of breast cancer risk stratification and lesion

characterization. The dataset has been designed to facilitate fair comparison of learning-
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based methods by providing well-defined partitions and comprehensive annotations commonly
required in breast CAD pipelines. We use BUSBRA for a supervised image-level tumor
malignancy classification downstream task with two classes: benign (722) and malignant
(342). The dataset contains 1,064 images in total. We use 765 images for training, 86 for
validation, and 213 for testing.

TIN5000: The TN5000 dataset was introduced to enable large-scale research on automated
thyroid nodule analysis from ultrasound imaging, with a particular emphasis on malignancy
assessment [ZLHT25|. It comprises expertly curated ultrasound images of thyroid nodules
collected through a rigorous process of data selection and annotation. Each image is paired
with structured annotations following a PASCAL VOC-compatible format, where nodules are
explicitly labeled and localized, allowing both region-aware modeling and image-level learning.
Diagnostic labels are derived from clinical assessment, and the dataset was intentionally
constructed to reduce bias by maintaining a relatively balanced representation of benign and
malignant cases at scale. TN5000 has been widely adopted for benchmarking deep learning
approaches for thyroid cancer detection due to its size, standardized organization, and clear
labeling scheme. We use TN5000 for a supervised image-level thyroid nodule malignancy
classification downstream task with two classes: benign and malignant. The dataset contains
a total of 5,000 images, including 3,572 malignant nodules and 1,428 benign nodules. We use
3,500 images for training, 500 for validation, and 1,000 for testing.

Table 6.5: Comprehensive statistics of the downstream datasets, including organ, task
description, number of classes and data splits.

Dataset Organ Task Description Classes Total Train  Val Test
TN5000 Thyroid Nodule Malig. 2 5000 3500 500 1000
FATTY LIV.  Liver Fatty Liver Dis. 2 550 390 50 110
POCUS Lung Pneumonia, COVID 3 2064 1444 177 443
BUTTERFLY Multi Organ Detection 9 41076 28053 6272 6751
GBCU Gallbladder Lesion Malig. 3 1255 1019 114 122
AUL Liver Mass Malig. 3 735 529 59 147
MMOTU Ovary Tumor Malig. 8 1469 800 200 469
BUSBRA Breast Tumor Malig. 2 1064 765 86 213
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Figure 6.7: Examples of images and corresponding USrc mask.

6.8.2 US Region Conditioning (USrc)
Image and USrc Mask Examples

In Fig. 6.7, we have picked 8 datasets to include examples of images and the corresponding
USrc mask. The USrc mask generated by our image processing algorithm is outlined in green

and demonstrates the quality of the USrc mask generation.

USrc Mask Generation

To ensure reproducibility, we detail the deterministic image processing pipeline used to
generate the binary mask R. We first apply a global threshold at a pixel intensity of 15/255,
followed by a 5x5 morphological closing to remove gaps in the mask. To adaptively distinguish
between different scan types, we identify external contours and rank them by area. We
dynamically include the second-largest connected domain only if its area exceeds 50% of the

primary contour. A convex hull transformation is then applied to ensure the mask remains
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continuous despite internal acoustic shadows, followed by a 25x25 morphological close and a
gaussian blur (o = 7) for final edge smoothing. The USrc mask generation process does not
require manual tuning or specialized preprocessing for individual datasets. The same pipeline
was applied to 49 of the 50 datasets, with only the prostate US TCIA dataset requiring a

prefixed circular geometry.

6.8.3 Training Details
Pretraining Parameters

We exclusively hold out 5% of the entire pretraining dataset to use as validation. For our
downstream experiments, we evaluate the epoch checkpoint that gets the lowest validation

loss during pretraining. All pretraining parameters are detailed in Table 6.6.

Downstream Parameters

We perform downstream evaluation by training a randomly initialized linear layer on top
of the frozen encoder backbone. We utilize early stopping based on the validation loss with

a patience of 15 epochs to prevent overfitting. The remaining parameters are detailed in

Table 6.7.

6.8.4 Few-Shot Scaling for Linear Probe
Extended Results

In Fig. 6.8 we include the comprehensive few-shot scaling experiments. For all of our baselines
we perform few-shot scaling across five random seeds to see how performance changes on
each downstream. In the main paper, we only compare against URFM and USFM because

they were the most competitive baselines.
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Table 6.6: Shared pre-training hyperparameters for US-JEPA and USrc-JEPA. The models
differ only in their use of ultrasound region conditioning.

Configuration Value
Architecture

Encoder Backbone ViT-Base
Predictor Depth 12

Predictor Embedding Dim 384

Predictor Target Dim 768

Data € Augmentation

Input Size 224 x 224

Crop Scale (0.6, 1.0]
Augmentations H/V Flip, Blur, Artificial Speckle, Contrast
Batch Size 128

Masking (JEPA)

Patch Size 16

Context Masks (Num, Scale) 1, [0.85,1.0]
Target Masks (Num, Scale) 4, [0.075,0.125]
Aspect Ratio [0.75,1.5]

Min. Patches Kept 10
Optimization

Optimizer AdamW

Total Epochs 100

Warmup Epochs 10

Base Learning Rate (LR) 5.0 x 107°

Start — Final LR 5.0 x 107 — 5.0 x 1077
LR Schedule Cosine Decay with Linear Warmup
Weight Decay — Final WD 0.04 — 04

Table 6.7: Hyperparameters for downstream linear probing on UltraBench datasets.

Configuration Value
Optimizer AdamW
Base Learning Rate 1.0 x 1073
Weight Decay 1.0 x 10~*
Batch Size 32

Input Size 224 x 224
Loss Function Cross-Entropy
LR Schedule Cosine Annealing
Max Training Epochs 150

Early Stopping Patience 15 Epochs
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Figure 6.8: Few-shot classification robustness across all datasets. Here the test set evaluation
for linear probe tuned with varying percentages of training data are shown for all models.
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6.8.5 Robustness to Domain-Specific Corruption Details

Extended Results

In Fig. 6.9 we include the complete results for the OOD robustness experiment. We show
the performance degradation for US-JEPA, USrc-JEPA, URFM and USFM with worsening
levels of blur, contrast reduction and artifical speckle corrupting downstream test set images

during probe evaluation.

Formulas for Corruptions

To simulate ultrasound imaging artifacts, we define three corruption functions C'(1, €) where

I is the input image and € is the severity level ranging from 1 to 3.

Gaussian Blur: Gaussian blur is modeled as the convolution of the image I with a

Gaussian kernel GG, where the standard deviation o is controlled by the severity e:

Iyur = I x G, where o0 = ¢ (6.7)

The discrete kernel size for G is adjusted to 2|2¢] + 1 to ensure the Gaussian distribution is

properly captured.

Contrast Depletion: This corruption shrinks intensities toward the median brightness

Imeq Of the pixels defined by the USrc mask:

Leontrast = Mmed + 04(6) : (I - Mmed> (68)

where the depletion factor a decreases as severity increases (« € {0.7,0.5,0.3}), effectively

making anatomical boundaries less visible.

Correlated Speckle Noise: Speckle is modeled as multiplicative noise. The raw
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Figure 6.9: OOD robustness results for remaining 4 downstream datasets.
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Gaussian noise 7 is spatially correlated via a smoothing kernel K before being applied.

]speckle =1- (1 + ncorr) (69)

The noise characteristics are functions of severity e:

e Magnitude: n ~ N (0,02 ;,.) where 0,pise = 0.35€.

e Correlation: 7eom = 1% Kye(€), where the kernel size Kj;.. increases with e to simulate
larger speckle grains at higher severity.
Qualitative Examples

In Fig. 6.10, we have included a qualitative example of the varying severities for each

corruption on one example image from the AUL downstream dataset.

6.8.6 Attention Visualizations

In Fig. 6.11, we show the attention maps from three heads for each US-JEPA and USrc-JEPA

across three distinct datasets.
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Figure 6.10: Different corruptions at three severity levels applied to a liver ultrasound from
AUL dataset.

130



US-JEPA

USrc-JEPA

US-JEPA

USrc-JEPA

US-JEPA

USrc-JEPA

JEPA for three downstream

JEPA and USrc-

Figure 6.11: Attention visualization for US

datasets.
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CHAPTER 7
UltraBench 2.0: A Standardized Benchmark for

Ultrasound Foundation Model Evaluation

Associated Publications: Radhachandran, A.* Tupper, A.* et al. (2026). UltraBench 2.0:
A Standardized Dataset and Evaluation Benchmark for Ultrasound Foundation Models. In

preparation.

7.1 Introduction

Ultrasound is a frontline diagnostic tool across cardiology, obstetrics, radiology, and oncology,
valued for its low cost, portability, real-time capability, and absence of ionizing radiation
[Szal4|. Automated analysis is complicated by speckle noise, low signal-to-noise ratio, and
high variability across probe types, operators, and acquisition settings [WSSL83, PKJ*10],
which has historically limited the generalizability of supervised deep learning models across
clinical contexts [ACB*19].

The success of self-supervised pretraining and vision transformers in natural and medical
imaging [HCX*21, DBK*21, LCT*23| has spurred development of ultrasound-specific foun-
dation models (FMs). General-purpose models, such as USFM [JZL124], URFM [KLG*25],
USF-MAE [MDE*25], and EchoCare [ZWZ"25], adopt masked image modeling backbones
pretrained on large ultrasound corpora, while segmentation-focused models, such as SAMUS
[LXYY24| and UltraSAM [MMZ*25], adapt the Segment Anything Model. However, each

model is evaluated on a different subset of tasks with inconsistent preprocessing, splits, and
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metrics, making direct comparison infeasible and progress difficult to measure.

Benchmarks are crucial to capturing the attention of researchers and driving progress
on problems we care about [HW24]. Despite the steady development of new ultrasound
foundation models, the development of well-designed benchmarks to evaluate them has lagged
behind. Benchmarking is an increasingly critical part of research in machine learning and
the domains, such as healthcare, where it is applied. The core principle behind foundation
models is that they are general-purpose models that can be adapted to a wide variety of
tasks with limited examples, far fewer than are required for training a model from scratch.
Foundation models are trained on large quantities of diverse data, often using self-supervised
learning techniques, to learn the general knowledge and structure of a domain. However,
to accurately assess the flexibility these models, we require equally diverse benchmarks to

evaluate their claims.

Prior to foundation models, models were evaluated on single-task benchmarks, such as
ImageNet for the classification of natural images, or CheXpert [IRK*19] for the interpretation
of chest X-rays. While many benchmarks have been introduced in recent years for other
medical imaging domains, or multi-domain benchmarks, in which ultrasound tasks make up
only a few tasks at most, there is a lack of a broad, multi-task image analysis benchmark for
ultrasound. This is highlighted in Table 7.1. Prior dataset benchmark collections such as
MedMNIST v2 [YSWT21], UniUS-Bench [MJL*25|, UltraBench [TG|, US-43d [MMZ*25],
UltraFedFM [JFR 25|, and MedSegBench [KA24b]|, collectively cover many ultrasound tasks
but individually lack standardized preprocessing pipelines, auto-download interfaces, permis-
sive open licensing, or integrated evaluation frameworks. Furthermore, several commonly
used datasets show near-ceiling reported performance across models, limiting their ability to

discriminate between model improvements.

In this chapter, we propose UltraBench 2.0, the first comprehensive benchmark for
ultrasound foundation models that standardizes dataset preprocessing and model evaluation

in an easy to use package. This benchmark builds upon the foundation of UltraBench,
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expanding the set of tasks, improving usability, and standardizing evaluation. UltraBench

2.0 makes four key contributions:

e all datasets are hosted on Hugging Face with a unified auto-download interface and

fixed train/test splits

e a shared preprocessing and augmentation pipeline is applied uniformly across all models

and tasks

e systematic evaluation covers linear probing, decoder probing, and full fine-tuning across

previous ultrasound foundation models on classification and segmentation tasks

e a public leaderboard and code base intended to help future models benchmark perfor-

mance and for the community to use as a tool to accelerate development and evaluation

7.2 Related Work

7.2.1 Benchmarks in Medical Imaging

Several works have compiled ultrasound datasets or benchmarks for evaluating medical image
analysis models, but most of them fall short of providing a complete, accessible evaluation
framework. A common limitation is the gap between dataset collection and benchmark infras-
tructure: datasets are listed and download links are provided, but reproducible preprocessing
pipelines, fixed train/test splits, and integrated evaluation scripts are absent or only partially
available.

Good examples of multi-domain biomedical imaging benchmarks that have stood the
test of time are MedMNIST v2 [YSWT21], MedSegBench [KA24b|, and MedIMeta [WJB25].
These benchmarks satisfy many of the important qualities described in the introduction.
They standardize the format of the different individual datasets and the preprocessing applied

to the images (e.g., resizing), define evaluation metrics, and provide easy-to-use interfaces
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Standardized Evaluation/Leaderboard

Anatomical Regions
Standardized Preprocessing
Train/Test Splits
Download Interface
Permissive Licensing

Benchmark  Ultrasound Tasks
Cls. Seg.

0 1 Yes Yes Yes Yes No
10 15 No No No Mixed No

MedMNIST v2
UniUS-Bench

1

8
UltraBench 7 7 11 Code Code No Mixed No
MedSegBench 0 5 5 Yes  Yes Yes Yes  No
UltraFedFM 10 5 14 No No No Mixed No
US-43d 0 43 20 Code No No Mixed No
MedIMeta 2 0 1 Yes Yes Yes Yes No

UltraBench 2.0 11 10 11  Yes Yes Mixed Mixed Yes

Table 7.1: A comparison between ultrasound-specific and general medical image analysis
benchmarks and dataset collections. Cls. = Classification; Seg. = Segmentation. UltraBench
2.0 is the only benchmark with standardized downloads, preprocessing and evaluation, diverse
coverage of ultrasound tasks and anatomical regions, and permissive licensing.

for downloading and working with the data. However, these datasets include few tasks for

ultrasound.

The few existing ultrasound-specific benchmarks [JEFR 25, MJL*25, TG]| are each lacking
in some areas, as highlighted in Table 7.1. While they all have good anatomical region and
task coverage, depending on their focus, they suffer when it comes to reproducibility and
usability. Regarding reproducibility, previous benchmarks either do not provide fixed train
and test splits, or only the code to do so (i.e., with fixed random seeds). Likewise, they either

do not specify the preprocessing applied to the images or only provide the code to do so.
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These factors also impact the usability of the benchmark, adding extra steps for researchers
who wish to follow the same evaluation protocol. Additionally, existing benchmarks provide
only links back to the original dataset files. This means that researchers must download each

individual dataset and transform it from its original format to a usable format.

MedMNIST v2 [YSWT21] is among the most usable collections in medical imaging,
offering a standardized MedMNIST-style interface with auto-download, fixed splits, and
published baselines. However, it includes only one ultrasound classification task (breast lesion

detection), making it insufficient as a comprehensive ultrasound benchmark.

UltraBench |[TG], the direct predecessor to this work, introduced 7 classification and
7 segmentation tasks with standardized preprocessing and ImageNet-pretrained baselines.
However, datasets must be downloaded manually from external sources, train/test splits
require running custom scripts, and the evaluation pipeline does not support foundation

model probing and fine-tuning.

UniUS-Bench [MJL*25], introduced alongside the TinyUSFM model, provides the
broadest task coverage among existing collections (8 classification and 10 segmentation tasks
across 15 anatomical domains) and includes FM baselines. Nevertheless, it provides no code
for train/val/test splitting, no data download interface beyond links to external sources, and
no standardized preprocessing pipeline (only bare PyTorch dataset wrappers). Reproducing
its results from scratch requires sourcing each dataset independently and implementing the

full preprocessing workflow.

MedSegBench [KA24b| adopts a MedMNIST-style interface with auto-download and
fixed splits for 5 ultrasound segmentation tasks, but includes only segmentation and trains
baseline models from scratch rather than evaluating pretrained foundation models. Ultra-
FedFM [JFR"25] covers the largest number of tasks (10 classification, 5 segmentation) but is
primarily a federated learning framework rather than a benchmark: datasets are not centrally
accessible, preprocessing is not standardized, and significant engineering effort would be

required to adapt its code for standard centralized evaluation of new models.
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Taken together, existing collections lack permissive open licensing, standardized auto-
download, fixed evaluation splits, and an integrated foundation model evaluation pipeline.
UltraBench 2.0 directly addresses these limitations by providing all four: auto-download via
Hugging Face, fixed splits published alongside the data, and an end-to-end pipeline covering
linear probing, decoder probing, and full fine-tuning, allowing researchers to benchmark a

new model with minimal overhead.

7.2.2 Ultrasound Foundation Models
General FMs

USFM: USFM [JZL*24] was developed by researchers at Fudan University and collaborating
institutions, published in Medical Image Analysis in 2024. The framework introduces a
spatial-frequency dual masking scheme built on a masked image modeling (MIM) backbone
to improve representational robustness from low-quality ultrasound images. Pretraining was
conducted on the 3M-US database, the first multi-organ, multi-center, and multi-device
ultrasound collection at the time. This database had over two million images from 12 human
organs. Evaluation was conducted via full fine-tuning of USFM as a pretrained backbone
encoder for segmentation and classification tasks. Downstream experiments spanned three
task types: segmentation of key structures (brachial plexus, thyroid nodule, breast tumor,
and fetal abdomen), image classification (breast tumor malignancy, multi-organ presence,
and fetal planes) and image enhancement.

URFM: URFM [KLG™25] was introduced by researchers at West China Hospital, Sichuan
University, and collaborating institutions, published in iScience in June 2025. The model
proposes a representation-based masked image modeling framework that has the ViT encoder
reconstruct high-level semantic features provided by BiomedCLIP, avoiding a potentially
inefficient pixel-reconstruction objective [[PR*26| and addressing the low signal-to-noise ratio
of ultrasound. The pretraining dataset had over one million ultrasound images (~50% was

proprietary) spanning 15 major anatomical organs. Evaluation was based on full fine-tuning

137



the backbone encoder for classification tasks. Ten downstream ultrasound clinical applications

were evaluated across nine organs.

USF-MAE: USF-MAE [MDE*25] was developed by Megahed et al. at the University of
Ottawa and affiliated institutions, and released as a preprint in October 2025. The architecture
follows a standard masked autoencoder (MAE) framework adapted for ultrasound, using a
ViT backbone as the encoder and a lightweight transformer decoder for image reconstruction
from masked patches. The model was pretrained on the OpenUS-46 dataset, which has
about 370,000 2D and 3D ultrasound images from 46 open-source datasets. Evaluation
was performed exclusively via fine-tuning of the pretrained encoder for three downstream
classification datasets: BUS-BRA (breast cancer), MMOTU-2D (ovarian tumors), and

GIST514-DB (gastrointestinal stromal tumors).

EchoCare: EchoCare [ZWZ*25| was introduced by researchers at the Centre for Artificial
Intelligence and Robotics (CAIR), Hong Kong Institute of Science and Innovation, and Chinese
Academy of Sciences, and released as a preprint in September 2025. The core framework
extends the standard self-supervised MAE architecture with a novel dual-branch design: an
image encoder and image decoder perform pixel-level masked reconstruction, while a second
anatomy-classifier decoder jointly learns hierarchical anatomical relationships. Pretraining was
conducted on EchoCareData, a public dataset of 4.5 million ultrasound images encompassing
9 major body regions and 52 anatomical organs. Evaluation was performed via full fine-
tuning the backbone encoder for 10 tasks in a downstream suite spanning disease diagnosis
classification, lesion segmentation, organ detection, fetal brain landmark prediction, cardiac

ejection fraction regression, image quality enhancement, and report generation.

OpenUS: OpenUS [ZCR*25] was developed by Zheng et al. at the Queen Mary University
of London, and released as a preprint in November 2025. The framework is an ultrasound
foundation model built exclusively on publicly available data. OpenUS uses a Vision Mamba
(VMamba) backbone, which captures both local and long-range spatial dependencies via

selective state-space modeling. A key novelty is the self-adaptive masking strategy during
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training, which combines a teacher attention map with a student reconstruction loss into
a unified Adaptive Learning Priority (ALP) score, directing the masking toward the most
clinically informative regions. Pretraining was conducted on 308,584 images from 38 publicly
available ultrasound datasets covering 12 organs. Evaluation was performed via fine-tuning
a task head (keeping the encoder frozen) for two downstream classification datasets (BUSI

breast cancer and Fetal Planes) and two segmentation datasets (BUS-BRA breast lesions

and TN3K thyroid nodules).

UltraFedFM: UltraFedFM [JFR125] was introduced by Jiang et al., a collaboration
spanning 17 institutions across 9 countries led by researchers at The Chinese University of
Hong Kong, and first released as a preprint in November 2024. The main contribution is a
federated pretraining framework, where 16 geographically distinct clients each pretrain a local
model (masked autoencoder) on their private ultrasound data, and only model parameters
are shared for aggregation. To handle cross-site image differences, the framework introduces
structured masking with adaptive thresholding (SMAT), which adjusts masking patterns to
organ- and lesion-specific texture features, and a multi-scale image corruption (MIC) branch
for improving robustness to low-quality ultrasound inputs. The pretraining dataset has
1,015,754 unlabeled images covering 19 organs. Evaluation was performed via full fine-tuning
of the encoder for disease diagnosis tasks across 8 kinds of organs and 6 modalities and lesion
segmentation across 5 datasets. This paper also conducts a clinical comparison on 8 systemic
malignant diseases, demonstrating that UltraFedFM outperforms mid-level sonographers (4-8

years of experience) and matches expert-level sonographers (>10 years of experience).

DeblurMIM: DeblurMIM [KGZ"| was proposed by Kang et al. from Sichuan University
and the Shanghai Artificial Intelligence Laboratory, and published in Medical Image Analysis
in July 2024. As one of the first applications of masked image modeling to ultrasound,
the work is motivated by standard masked autoencoder pretraining failing to account for
ultrasound’s high noise-to-signal ratio and the importance of fine-grained diagnostic details.

DeblurMIM extends the MAE objective by adding a blurring step, where inputs are first
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blurred using one of several blur operators before random masking. Then, the model is
trained to reconstruct the original sharp image from the masked and blurred input. The
encoder is a multi-scale hybrid convolution-transformer based on ConvMAE. Pretraining was
conducted on approximately 280,000 thyroid ultrasound images. Downstream evaluation
is performed with full fine-tuning on tasks spanning classification of thyroid nodules and

Hashimoto’s thyroiditis, and segmentation of thyroid nodules.

Segmentation-focused FMs

SAMUS: SAMUS |[LXYY24]| was proposed by Lin et al. from Huazhong University of Science
and Technology and collaborating groups, and published at MICCAI 2024. The framework
adapts SAM for ultrasound segmentation by introducing a parallel CNN branch alongside
SAM’s ViT encoder, injecting local feature information via cross-branch attention, and further
incorporating a position adapter and feature adapter to retune the model from large-scale
natural image inputs (1024x1024) to more practical input sizes (256x256). The model
was trained and evaluated on a comprehensive ultrasound dataset of approximately 30,000
images and 69,000 masks covering six anatomical object categories from publicly available
sources. Downstream evaluation was conducted in a full fine-tuning paradigm. Tasks were
focused exclusively on interactive and automatic segmentation across the six ultrasound
object categories in the US30K dataset.

UltraSAM: UltraSam [MMZ"25] was developed by Meyer et al. from the University of
Strasbourg / IHU-Strasbourg, first released as a preprint in November 2024 and published
in IJCARS in 2025. The framework fully fine-tunes the Segment Anything Model on a
large ultrasound dataset under a prompt-conditioned segmentation setup, supporting both
point- and bounding-box prompts. Pretraining data consisted of US-43d, a compilation of 43
open-access ultrasound segmentation datasets totaling over 280,000 image-mask pairs across
20 diverse clinical applications. Evaluation employed two protocols: prompt-based zero-shot

segmentation benchmarked on three diverse public datasets, and downstream fine-tuning
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of an UltraSam-initialized Vision Transformer. Downstream tasks spanned both interactive

segmentation of anatomical structures and image-level classification.

Universal Vision Models

DINOv3: DINOv3 [SVS*25] was developed by Siméoni et al. at Meta Al Research, and
released as a technical report in August 2025. The framework extends DINOv2’s self-
supervised student-teacher distillation approach to significantly larger model scales. A main
contribution is Gram anchoring, a training technique that regularizes cosine similarity between
student and teacher patch features using a Gram-matrix objective, reducing the degradation
of dense feature maps that emerges in larger models trained for long schedules. The initial
7B model is distilled into a family of smaller variants (ViT-Small, ViT-Base, ViT-Large,
and ConvNeXt-based architectures). Pretraining is conducted on a large curated mixture of
web images combined with ImageNet-1k. DINOv3 is included in our evaluation as a strong
general-purpose vision foundation model baseline, assessed via the standard probing and

fine-tuning protocol used for the other models.

7.3 Investigating “Saturation” in Downstream Tasks

A benchmark task is saturated when best-reported performance approaches a practical ceiling,
such that further improvements are either statistically marginal or clinically meaningless.
In the context of ultrasound foundation model evaluation, saturation is a notable challenge.
Tasks that any competent model can “solve” cannot distinguish a strong FM from a weak
baseline, undermining the benchmark’s purpose.

First, we aim to characterize the extent of saturation across existing ultrasound bench-
marks, by systematically reviewing reported performance for datasets across the six collections
described in Section 7.2. Table 7.2 summarizes tasks for which performance at or above 0.90

(on the primary metric) has been reported by at least one benchmark. Based on previous
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literature, we identify six classification tasks and seven segmentation tasks showing clear

evidence of saturation, spanning a wide range of anatomical regions and task types.

Table 7.2: Ultrasound datasets from existing benchmarks with reported performance at or
above 0.90 on the primary metric. Tasks approaching a performance ceiling provide limited
discriminative signal for comparing foundation models. Performance values are the best
reported across benchmarks; T[MJL*25], [TG|, }[JFR*25], 9|KA24b].

Dataset Domain Task Task Type Best Reported Metric
Classification
UF1990 Uterine Normal / fibroid classification Binary >0.90 Accuracy'
STMUS Skeletal muscle Normal / pathological classification Binary >0.90 Accuracy'
Fetal Planes Fetal Fetal plane classification (6-class) Multiclass >0.95 mAUROC!
POCUS Lung COVID-19 / pneumonia classification Multiclass >0.95 mAUROC}
GBUSV Gallbladder Gallbladder cancer classification Binary >0.95 AUROCS
Butterfly Multi-organ Organ classification (9-class) Multiclass >0.90 mAP?
Segmentation
AUL Liver Liver segmentation Binary >0.90 Dice?
Luminous Lumbar muscle Lumbar multifidus muscle segmentation Binary >0.90 Dicef
Open Kidney Kidney Kidney capsule segmentation Binary >0.90 Dicef
CAMUS Cardiac LV cavity / myocardium / LA segmentation Multiclass >0.90 Dicef
BUS-BRA Breast Breast tumor segmentation Binary >0.90 Dicef
JNU-IFM/PSFHS Pelvis / Fetal ~ Pubic symphysis & fetal head segmentation Binary 0.974 Dicef
CT2US Kidney Kidney segmentation (synthetic) Binary 0.981 Dicef

We note some key patterns from this analysis. Many saturated classification tasks involve
coarse-grained binary distinctions on small, low-diversity datasets (e.g., UF1990, STMUS),
where even generic ImageNet-pretrained encoders achieve high accuracy [MJL125]. Among
segmentation tasks, simple binary structures on high-contrast images are most susceptible: the
JNU-IFM pubic symphysis task reaches Dice = 0.974 and the synthetic CT2US kidney task
reaches Dice = 0.981. Some tasks may inflate reported performance through dataset quality
issues rather than genuine model capability. POCUS, for instance, consists of scraped and
extracted frames from heterogeneous sources, and its reported mAUROC > 0.95 [JFR*25]
could reflect low task difficulty and poor data curation, rather than model strength.

These findings directly inform dataset selection and experimental design in UltraBench 2.0.
Tasks with unambiguous saturation across benchmarks are avoided where possible. However,
there are cases that support the retention of a potentially saturated task, such as CAMUS

cardiac segmentation or Butterfly organ classification, due to their clinical importance or
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the task diversity they offer. In such instances, we recommend that full-dataset evaluation
is augmented with a label efficiency experimental setting that constrains training data and

restores discriminative difficulty. The task suite described next reflects these criteria directly.

7.4 Tasks

UltraBench 2.0 includes 10 semantic segmentation and 11 image classification tasks to assess
model performance across a wide range of clinical applications, ultrasound probe types, and

anatomical regions.

Cancer screening. Liver mass classification and segmentation (AUL) [XZL"23], ovarian
tumor classification and segmentation (MMOTU-2D) [ZLB*23], thyroid nodule classification
and segmentation (TN3K) [gon26|, gallbladder cancer classification (GBCU) [BGR*22],
breast cancer classification and segmentation (BUS-BRA) [GFGCCdAP24].

Prenatal care. Fetal planes and fetal brain planes classification (FETAL-PLANES) [BACGVA*20],

fetal head and pubic symphysis segmentation (PSFHS) [CBO™24].

Anatomical region segmentation. Cardiac region segmentation (CAMUS) [LSP*19],
musculoskeletal ultrasound segmentation (STMUS) [Mei2l1], kidney capsule and regions
segmentation (OpenKidney) [SRHT22], liver segmentation (AUL) [XZL*23].

Disease Diagnosis. COVID-19 detection (COVID-BLUES) [WBR*25|. MASLD/NAFLD
(MASLD) [BSS*18].

Non-clinical applications. Image quality assessment of cardiac ultrasound images (CA-

MUS) [LSP+19).
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7.5 The UltraBench 2.0 Framework

7.5.1 Design Principles

UltraBench 2.0 is organized around four design principles:
e Provide a standard interface for using each dataset.
e Assess model performance with limited /reasonable training data.
e The benchmark is designed to be challenging to ensure room for improvement.

e Fase of evaluation.

7.5.2 Dataset Curation and Processing

We began by starting from the datasets and tasks included in UltraBench, and considered other
datasets used in other benchmarks/collections to expand the coverage. When considering
datasets for inclusion, we assessed the quality, availability, licensing, size, and difficulty of the
task. After considering and filtering available datasets, UltraBench 2 includes 11 classification
and 10 segmentation tasks across 12 datasets.

For the selected datasets, the images are divided into training and test splits using stratified
splitting where applicable to ensure similar label distributions between the two splits. For
datasets with multiple images per patient, the dataset is split by patient. As some datasets
are published as RGB, RGBA, greyscale, or mixed images, we convert all images to RGB by
either stacking the single greyscale channel or removing the alpha channel from RGBA images.
Other than standardizing the number of channels, no further pre-processing (e.g., resizing) is
applied to the training images to provide maximum freedom for new submissions to innovate
on both data augmentation and preprocessing as well as model architecture and training
algorithms. For the test set, two versions are published. One version with original-sized

images (with the same minimal preprocessing as the training set) and another copy with
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the images resized to 256 x 256 pixels using “letterbox” resizing (i.e., images are resized so
that the longest edge measures 256 pixels and then padded to the final size). This ensures,
particularly for semantic segmentation tasks, that performance comparisons between models

are fair.

7.5.3 Data Setup

UltraBench 2 is built on top of the Hugging Face Datasets library to maximize the ease of use
and interoperability with different deep learning frameworks. Each dataset is preprocessed
using a similar pipeline and stored as a Hugging Face Dataset, either ahead of time and
published to the Hugging Face Hub, if the license permits, or when the user first uses the
dataset, for datasets where only the raw dataset may be redistributed, or for datasets that
are gated behind research use agreements that the user must sign and download from the
original source.

The licensing terms of each dataset dictate whether or not we can redistribute modified
or unmodified versions of the data. The licenses divide the datasets into three groups:
pre-processed, raw, and local. We host pre-processed datasets (e.g., AUL) and raw datasets
(e.g., COVID-BLUES) on the Hugging Face Hub. For raw datasets, the preprocessing is
applied at first runtime by the user. For local datasets (e.g., Open Kidney) the user must
download the data from the original source and then the preprocessing is applied at first
runtime. This tiered structure allows UltraBench 2.0 to include clinically important datasets
with non-permissive licenses while maintaining a standardized access and loading experience

for users.

7.5.4 Model Evaluation

Performance on classification and segmentation tasks is measured using the F1 and positive
Dice scores, respectively. The scores for each task are aggregated into overall scores for each

of the five clinical application areas, overall classification and segmentation scores, and overall
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scores using a simple average of the individual task scores s;.

To ensure ease-of-use and reproducibility we provide evaluation scripts as part of the
benchmark. These scripts take in predictions in CSV format and generate the required metrics
for the benchmark. Using CSV files as the framework-agnostic interface frees researchers to
develop their model with their chosen tools and frameworks (e.g., PyTorch or TensorFlow).

It also ensures that the metrics are implemented and applied consistently for all models.

7.5.5 Leaderboard

To track the progress of ultrasound foundation models, we provide a leaderboard for open
source models and encourage users to evaluate their models on different tasks. Following the
principles of benchmarks like GEO-Bench-2 [LLR |, submissions are restricted to reproducible
open-source models to ensure that evaluations are performed in good faith, as the datasets
are public and there are no hidden/private test sets that could be used to prevent bad actors
from training on the test data. To ensure consistency and streamline submissions we provide
framework-independent evaluation scripts that calculate the benchmark metrics based on
prediction files (i.e., per-image labels for classification tasks and run-length encoded (RLE)
strings for segmentation tasks), similar to Kaggle and medical image analysis challenges

hosted on Grand Challenge.

7.6 Evaluations of Existing Models

To populate the benchmark we perform a retrospective analysis of existing ultrasound
foundation models that have been published to date. We also provide implementations
of these models and the classification and segmentation decoders to further improve the

ease-of-use and ability for researchers to submit their results and perform comparisons.
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7.6.1 Evaluation Setup

Each model described in Section 7.2.2 is evaluated in full fine-tuning and probing/head-only
settings. In both cases, the models are trained for a maximum of 10,000 steps using a batch
size of 32 and a Cosine annealing learning rate scheduler. They are evaluated every 100
steps on the validation set and early stopping is triggered if there is no improvement after
10 validation checks (1,000 training steps). For full fine-tuning, the backbone is frozen for
the first 1000 steps and then is unfrozen and the learning rate is warmed up from 10% of
the learning rate of the head to match that of the head by a factor of 1.001 every step. All

reported results are the mean and standard deviation over three seeds.

7.6.2 Encoder Output Types

The foundation models evaluated in UltraBench 2.0 expose encoder features in three distinct
formats, which determine how classification descriptors are formed and which segmentation
decoder is used. In each case, we follow the feature extraction convention specified in the

model’s original paper and codebase.

Isotropic ViT models. The models under this category include USFM, URFM and
USF-MAE. They produce a flat sequence of N patch tokens. For classification, a global
descriptor is obtained by mean-pooling across all token positions. This approach is modified
for USF-MAE, as they make distinct use of the CLS token for classification. For segmentation,

the token sequence is reshaped into a 2D spatial grid and passed to the decoder.

Hierarchical multi-scale model. FEchoCare’s Swin Transformer encoder produces multi-
scale spatial feature maps at several resolutions. For classification, the coarsest-scale map is
spatially pooled to form a global descriptor. For segmentation, the full set of feature maps is

passed directly to the SegFormer decoder, which projects and fuses them across scales.
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Spatial map models. SAMUS and UltraSAM are SAM-based architectures whose encoders
return a single-scale 2D spatial feature map rather than a token sequence. For classification,
global average pooling over the spatial dimensions produces a fixed-size descriptor. For
segmentation, the feature map is passed directly to the upsampler decoder without any

reshaping.

7.6.3 Probing

Probing evaluates the transferability of frozen encoder representations by training lightweight,
task-specific heads while keeping the backbone frozen. Features are extracted from the
final encoder layer without gradient computation. All probes are optimized with AdamW:;

hyperparameters are summarized in Table 7.3.

Setting Classification (Linear Probe) Segmentation (Upsampler / SegFormer)
Optimizer AdamW AdamW

Learning rate 1x1073 1x1073

Weight decay 1x1072 1x1072

Batch size 32 32

Epochs 100 100

Loss function Cross-entropy Dice + CE (A=0.5 each)

Image resolution 256 %256 256256

Table 7.3: Training hyperparameters shared across all probing experiments.

Linear probing for classification. For each classification task we attach a single linear
layer W € R?™*¢  where d is the encoder feature dimension and C is the number of output
classes. The encoder feature output is extracted using a model-specific protocol. For example,
a mean-pool operator is applied to the patch tokens for USFM while we use the CLS token

for USF-MAE. Cross-entropy loss is used throughout.

Decoder probing for segmentation. Models are evaluated with a lightweight upsampler

decoder. Isotropic ViT models produce patch token sequences [B, N, D], which are spatially re-
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organized into 2D grids [B, D, v'N, v/N]| before decoding; CNN /SAM-based models (SAMUS,
UltraSAM) pass their spatial feature maps [B,C, H, W] directly. The decoder applies: (1) a
1x1 convolution projecting to 256 channels, (2) four progressive transposed-convolution
upsampling stages (256—128—64—32—16 channels, stride 2) each followed by a residual
double-convolution block with GELU activations, and (3) a 1x1 classification convolution
whose output is bilinearly interpolated to the target resolution. EchoCare, whose hierarchical
Swin encoder produces multi-scale feature maps, is paired with a SegFormer-style MLP
decoder [XWYT21]: per-scale features are linearly projected to 256 dimensions, bilinearly
upsampled to the finest available resolution, concatenated, and fused via a 1x1 convolution
with batch normalization and ReLLU before a final bilinear upsampling to the target resolution.

DiceCE loss (equal Dice and cross-entropy weights) is used throughout.

7.6.4 Fine-tuning

Full fine-tuning jointly optimizes the encoder backbone and a task-specific head, and is
performed with data augmentation. We adopt a Trivial Augment-style strategy |TG| that
randomly applies one of: identity, rotation (up to 30°), translation, random resized crop (scale
0.6-1.0), Gaussian noise, or brightness/contrast jitter. The two-phase backbone warmup

protocol described in Section 7.6.1 applies to all fine-tuning experiments.

Classification. The same single linear layer used for linear probing is attached to the

encoder and jointly fine-tuned with the backbone. Cross-entropy loss is used throughout.

Segmentation. The segmentation decoder is selected based on each model’s encoder output

type. DiceCE loss (equal weights) is used for all segmentation fine-tuning experiments.
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7.7 Results

We evaluate fifteen model configurations spanning ten foundation model families across all
21 benchmark tasks, in both head-only (probing) and full fine-tuning regimes. Complete

per-task results are reported in Tables 7.4, 7.5, 7.6, and 7.7.

7.7.1 Overall Performance
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Figure 7.1: Mean F1 score over all classification tasks for each model. The dashed line shows
the evolution of the best model over time.
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Figure 7.2: Mean positive Dice score over all segmentation tasks for each model. The dashed
line shows the evolution of the best model over time.
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Figure 7.3: Overall classification and segmentation performance per model. The size of each
point represents the number of trainable parameters.

Aggregating across the full task suite (Figures 7.1 and 7.2), no single model dominates
the benchmark. Under full fine-tuning, URFM-L attains the highest mean classification F1
(0.644), followed closely by USF-MAE (0.628) and OpenUS (0.623); on segmentation, DINOv3
ViT-L leads with a mean positive Dice of 0.827, ahead of DINOv3 ConvNeXt-L (0.821) and
URFM-L (0.815). The ordering changes substantially in the head-only regime, where OpenUS
achieves the best mean classification F1 (0.601) and URFM-L the best mean segmentation
Dice (0.777). Already we see an interesting observation, where a model’s ranking under one
evaluation protocol is not necessarily a predictor of its ranking under the other, which is

exactly what a standardized benchmark can expose.

Model scale is also a weak predictor of downstream quality (Figure 7.3). Within the
DINOv3 family, the Large variants improve on their Base counterparts for segmentation,
but the largest ultrasound-specific pretraining datasets do not translate into correspondingly
large gains: EchoCare, pretrained on 4.5 million images, ranks last or near-last on several
classification tasks, while OpenUS, pretrained on roughly 300,000 exclusively public images,

is consistently competitive.
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7.7.2 Classification Tasks

Linear Probing
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Figure 7.4: Per-task results for each classification task using linear probing.

Linear probing results are reported in Table 7.4 and Figure 7.4. OpenUS achieves the
strongest mean performance (0.601), with DINOv3 ViT-L (0.596), DINOv3 ViT-B (0.590)
and USF-MAE (0.590) closely behind, while USFM is the weakest model overall (0.468) and
is the worst performer on five of the eleven tasks. URFM-L is the most task-dependent model
in this regime: it leads on four tasks (BUS-BRA histology, BUS-BRA pathology, fetal brain,
and fetal plane) yet collapses to 0.266 on GBCU, the lowest score any model records on that
task.

The tasks separate cleanly by difficulty. BUS-BRA histology is the hardest task in the
benchmark by a wide margin, with every model scoring between 0.123 and 0.193 macro F1,
suggesting that eight-class histological subtyping is not recoverable from a frozen representa-
tion with a linear head. MASLD shows the widest inter-model spread of any classification
task (0.389-0.858). In contrast, fetal plane classification is the least discriminative task, with

most models clustered between 0.77 and 0.89.
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Table 7.4: The mean and standard deviation of the macro F1 score over three seeds for each
classification task after head-only training. The best result for each task is shown in bold.

Pathological Non-Pathological

AUL Mass BUS-BRA Hist. BUS-BRA Path. COVID-BLUES GBCU MASLD MMOTU TN3K CAMUS  Fetal Brain  Fetal Plane
Deblurring ConvMAE  0.596 +0.015 0.141 +0.020 0.690 +0.005 0.626 +0.038 0.401 +0.000  0.778 +0.008  0.323 +0.013  0.623 z0.006  0.503 0006  0.436 +0.021  0.733 +0.005
Deblurring MAE 0.629 +o0.013 0.158 +0.013 0.693 +0.002 0.645 +0.023 0.549 +0.000  0.697 x0.031  0.423 zo.001  0.624 z0.023  0.591 0030  0.453 +o.027  0.772 +0.000
DINOv3 ConvNeXt-B  0.595 +o.010 0.140 +0.008 0.732 +0.010 0.619 +0.043 0.529 +0.016  0.581 +0.009  0.342 40028  0.607 +0.024  0.590 +0.017  0.502 +0.003  0.797 +0.006
DINOv3 ConvNeXt-L  0.647 +0.017 0.142 +0.005 0.741 +0.006 0.640 +0.038 0.559 +0.010  0.437 +0.004  0.389 +0.017  0.604 +0.014  0.600 +0.012  0.536 +0.001  0.830 +0.008
DINOv3 ViT-B 0.707 +0.000 0.182 +0.008 0.687 +0.005 0.651 +0.054 0.602 +0.005 0.620 +0.012  0.420 +0.003  0.657 +0.006  0.645 +0.008  0.525 +0.001  0.799 +0.012
DINOv3 ViT-L 0.719 +0.006 0.149 xo.011 0.725 +0.001 0.623 +0.041 0.582 +0.005  0.769 +0.045  0.364 +0.003  0.638 +0.005  0.602 +0.003  0.551 +0.001  0.836 +0.009
EchoCare 0.628 +0.007 0.129 +0.008 0.657 +0.033 0.618 +0.013 0.472 40028  0.762 +0.084  0.350 +0.021  0.576 +0.014  0.619 0001  0.415 +0.028  0.683 +0.021
OpenUS 0.750 +0.017 0.166 +0.016 0.706 +0.002 0.668 +0.008 0.582 +0.015  0.715 0041 0.400 +0.020  0.607 z0.018  0.706 +0.008 0.506 +0.006  0.807 +0.014
SAMUS 0.527 +0.000 0.125 =0.001 0.628 =0.001 0.640 +0.003 0.536 +0.005  0.715 0000  0.242 +0001  0.595 +0.006  0.496 +0.001  0.382 +0.002  0.680 +0.002
UltraFedFM 0.659 +0.004 0.172 +0.012 0.687 +0.008 0.743 +0.023 0.543 +0010  0.749 +0.067  0.452 0010 0.581 +0.009  0.621 +0.025  0.451 +0.006  0.772 +0.009
UltraSAM 0.656 +0.026 0.162 +0.012 0.681 +0.009 0.655 +0.014 0.516 +0.023  0.858 +0.109  0.363 +0.024  0.576 +0.007  0.652 +0.036  0.506 +0.008  0.771 +0.012
URFM-B 0.658 -+0.007 0.182 +0.013 0.750 +0.002 0.625 +0.009 0.423 +o00s  0.664 +0.027  0.406 +0.004  0.669 0006 0.470 +0.009  0.588 +0.004  0.857 +0.001
URFM-L 0.610 +0.000 0.193 +0.002 0.769 +o.001 0.716 +0.017 0.266 +0.000  0.495 +o.0s6  0.390 +0.002  0.668 +0.004  0.540 +0.004  0.611 +0.002 0.885 +0.001
USFM 0.617 +0.006 0.123 +0.006 0.639 +0.002 0.604 +0.051 0.382 +0.000  0.389 +0.000  0.279 +0.006  0.568 +0.003  0.471 0005  0.345 +0.004  0.727 +0.001
USF-MAE 0.609 +0.004 0.168 +0.002 0.694 +0.001 0.709 +0.022 0.444 x0000  0.712 z0.010  0.448 0002 0.620 20004  0.639 0014  0.597 +0.001  0.849 0.000
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Figure 7.5: Per-task results for each classification task using full fine-tuning.

Full fine-tuning results are reported in Table 7.5 and Figure 7.5. URFM-L attains the
highest mean F1 (0.644) and leads on four tasks (AUL Mass 0.720, BUS-BRA pathology
0.774, TN3K 0.695, and fetal plane 0.936). No other model leads more than two tasks, and six
of the fifteen configurations top at least one task, indicating that classification performance
on this benchmark is distributed rather than concentrated in a single model.

Unfreezing the backbone does not uniformly help. URFM-L gains substantially, moving

from mid-tier under probing to the top of the classification ranking, and recovers on GBCU
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from 0.266 to 0.706. BUS-BRA histology remains unsolved under fine-tuning (best 0.175,

USF-MAE), confirming that its difficulty reflects the task rather than the evaluation protocol.

Table 7.5: The mean and standard deviation of the macro F1 score over three seeds for each
classification task after full fine-tuning. The best result for each task is shown in bold.

Pathological Non-Pathological

AUL Mass BUS-BRA Hist. BUS-BRA Path. COVID-BLUES GBCU MASLD MMOTU TN3K CAMUS  Fetal Brain  Fetal Plane
Deblurring ConvMAE  0.660 +0.038 0.139 +0.008 0.672 +0.033 0.611 +o0.021 0.651 +0.020  0.717 +0.003  0.339 +0.063  0.653 z0.015 0.663 +0.025 0.570 +0.069  0.729 +0.035
Deblurring MAE 0.638 +0.043 0.156 +0.017 0.676 +0.007 0.554 +0.051 0.569 +0.119  0.693 +0.037  0.325 +0.008  0.652 0011 0.524 0017 0.394 +0010  0.760 +0.063
DINOv3 ConvNeXt-B  0.561 +0.009 0.142 +0.015 0.712 +0.005 0.323 0.000 0.604 +0.053  0.544 +o011  0.273 40025 0.606 +0.013  0.511 +0.046  0.464 +0.032  0.755 +0.049
DINOv3 ConvNeXt-L  0.647 +0.013 0.151 +0.007 0.724 +0.006 0.644 +0.020 0.591 40019 0.656 +0.159  0.283 +0.040  0.599 +0.052  0.523 +0.026  0.455 0017 0.771 +0.032
DINOv3 ViT-B 0.649 +0.020 0.149 x0.010 0.686 +0.013 0.479 +0.075 0.608 +0.040  0.783 x0.174  0.301 +0.035  0.674 +0.009  0.498 x0.004  0.415 +0.018  0.755 +0.073
DINOv3 ViT-L 0.618 +0.044 0.136 +0.003 0.732 +0.024 0.611 +0.044 0.745 +0.020  0.579 z0077  0.513 20000  0.674 +0027  0.555 0097  0.690 +0.023 0.812 +0.094
EchoCare 0.608 +0.055 0.126 +0.007 0.643 +0.011 0.471 +0.154 0.488 +0.141  0.643 +0.192  0.246 +0.027  0.570 20005  0.607 0030  0.370 +0.046  0.742 +0.037
OpenUS 0.709 +0.029 0.144 +0.014 0.682 +0.019 0.611 +o.087 0.717 +0.046  0.784 z0156  0.529 +0.038 0.621 +0.005  0.643 0035  0.599 +0.03¢  0.817 +0.015
SAMUS 0.637 +0.012 0.140 +0.003 0.693 +0.051 0.657 +0.017 0.547 +0.024  0.421 +0000  0.449 +0034  0.584 +0.017  0.594 z0.019  0.455 +0.023  0.856 +0.017
UltraFedFM 0.653 +0.027 0.165 +0.009 0.696 -+0.006 0.436 +0.069 0.556 +0.026  0.727 +0.072  0.368 +0.022  0.587 +0.013  0.614 +0.023  0.477 40041 0.776 +0.016
UltraSAM 0.616 +0.045 0.170 +0.012 0.681 +0.015 0.630 +0.025 0.657 +0.055 0.889 0020 0.372 +0.028  0.576 0018  0.650 +0.01s  0.591 +0.091  0.773 +0.013
URFM-B 0.630 +0.030 0.144 +0.003 0.702 +0.004 0.633 +0.003 0.706 +o.007  0.870 x0.00s  0.469 +0.027  0.679 +0.005  0.435 x0.015  0.670 +0.050  0.872 +0.035
URFM-L 0.720 +0.068 0.169 +0.025 0.774 0028 0.703 +0.024 0.706 0.7 0.780 +0.00s  0.380 +0.167  0.695 0007  0.599 +0.109  0.624 +0.075  0.936 +0.003
USFM 0.654 +0.021 0.158 +0.035 0.577 +0.074 0.623 +0.034 0.587 +0.011  0.497 0112 0.388 +0.061  0.599 0060  0.606 0016  0.380 0177 0.829 +0.018
USF-MAE 0.688 +0.011 0.175 =0.023 0.689 +0.012 0.710 +0.052 0.678 +0.015  0.762 x0.014  0.445 0052 0.625 0007  0.611 0076  0.636 +0.043  0.885 +0.017

7.7.3 Segmentation Tasks

Decoder Probing
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Figure 7.6: Per-task results for each segmentation task using decoder-only training.

Decoder probing results are reported in Table 7.6 and Figure 7.6. Ultrasound-specific

pretraining is clearly advantageous in this regime: URFM-L leads with a mean Dice of 0.777,
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followed by URFM-B (0.770) and OpenUS (0.767), and URFM-L is the best model on four
of the ten tasks. The best DINOv3 variant reaches only 0.737, and a DINOv3 model is top
on just one task (OK Regions). EchoCare is the weakest model overall (0.692) and is last on
five of the ten tasks, despite having the largest pretraining corpus of any model evaluated.
Task difficulty spans a wide range. OK Regions is by far the hardest segmentation task,
with a best Dice of 0.444, reflecting the difficulty of multi-region kidney parcellation. At the
opposite end, PSFHS (0.900-0.938), CAMUS (0.841-0.905) and AUL Liver (0.841-0.901)
are compressed near ceiling even with a frozen encoder, consistent with the saturation
patterns identified in Table 7.2. AUL Mass and TN3K are the most discriminative tasks,

with inter-model performance ranges of 0.173 and 0.219 respectively.

Table 7.6: The mean and standard deviation of the positive Dice score over three seeds for
each segmentation task after head-only training. The best result for each task is shown in
bold.

Pathological Anatomical
AUL Mass  BUS-BRA MMOTU TN3K AUL Liver CAMUS  OK Capsule OK Regions PSFHS STMUS

Deblurring ConvMAE  0.369 +0.022  0.804 +0.007  0.702 +0.004  0.748 +0.003  0.874 +0.004  0.841 +0.006  0.748 +0.000  0.374 +0.020  0.920 +0.001  0.853 +0.009
Deblurring MAE 0.411 +0.006  0.801 +0.007  0.726 +0.001  0.736 0.011  0.875 +0.002  0.859 +0.005  0.760 +0.011  0.416 +0.022  0.922 +0.003  0.864 +0.004
DINOv3 ConvNeXt-B  0.405 +0.020  0.786 +0.008  0.729 £0.003  0.661 +0.000  0.865 +0.002  0.847 +0.002  0.762 0003  0.431 +0.019  0.900 +0.006  0.848 +0.005
DINOv3 ConvNeXt-L  0.441 +o.017  0.805 +0.003  0.750 +0.004  0.683 +0.003  0.872 +0.004  0.848 +0.002  0.767 +0.009 0.444 +o0.018 0.911 +0.001  0.848 +0.003

DINOv3 ViT-B 0.445 +0.007  0.801 0.001  0.734 o008  0.683 z0.012  0.868 z0.002  0.868 +0.006  0.769 +0.008  0.386 £0.034  0.910 x0.002  0.848 0.002
DINOv3 ViT-L 0.415 +0.018  0.789 +0.001  0.744 +0.012  0.693 +0.006  0.870 +0.007  0.867 +0.003  0.783 +0.001  0.410 +0.024  0.907 +0.001  0.847 +0.008
EchoCare 0.357 z0.005  0.708 zo.011  0.696 +0.002  0.583 z0.000  0.841 z0.004  0.857 +0.004  0.715 z0.003  0.400 z0.008  0.917 +0.003  0.842 +0.002
OpenUS 0.498 +0.008  0.835 +0.004  0.771 +0.004 0.740 +0.004  0.900 +0.001  0.898 +0.001  0.797 +0.008  0.421 +0.017  0.938 +o.001  0.874 +0.002
SAMUS 0.338 £0.008  0.826 +0.002  0.727 +0.004  0.791 20004  0.863 z0.002  0.905 0001 0.761 z0.004  0.415 £0.006  0.909 x0.000  0.839 +0.001
UltraFedFM 0.421 +0.016  0.804 +0.003  0.735 +0.003  0.694 +0.003  0.878 +0.004  0.882 +0.003  0.761 +0.019  0.381 +0.026  0.925 +0.002  0.859 +0.004
UltraSAM 0.404 o001 0.814 xo0.004  0.734 +0.003  0.688 z0.004  0.874 z0.004  0.887 +0.002  0.781 0014  0.433 0010 0.927 +0.002  0.866 +0.002
URFM-B 0.486 +0.017  0.863 +0.004  0.756 +0.013  0.793 0.002  0.896 +0.002  0.873 +0.004  0.799 0.005  0.436 +0.014  0.927 +0.002  0.873 0.004
URFM-L 0.511 0014 0.868 x0.002 0.767 £0.006 0.802 +0.008 0.901 +o001 0.883 z0.003  0.796 z0.007  0.435 +0.027  0.929 z0.003  0.873 0.002
USFM 0.396 +0.009  0.825 +0.005  0.726 +0.006  0.724 +0.010  0.877 +0.003  0.873 +0.003  0.785 +0.009  0.407 +0.013  0.929 +0.001  0.873 +0.001
USF-MAE 0.429 +0.008  0.806 o0.012  0.743 +0.000  0.713 0008  0.877 z0.002  0.892 0001 0.780 0011 0.400 0011 0.930 +0.002  0.868 +0.003

Full Fine-tuning

Full fine-tuning results are reported in Table 7.7 and Figure 7.7, and they invert the probing
picture. DINOv3 ViT-L achieves the best mean Dice (0.827) and a DINOv3 variant is the
top performer on seven of the ten segmentation tasks, including AUL Mass (0.678), MMOTU
(0.853), AUL Liver (0.921), STMUS (0.889), OK Capsule (0.882, ConvNeXt-B) and OK
Regions (0.518, ConvNeXt-L); on BUS-BRA it ties URFM-L at 0.895. The remaining tasks
are led by ultrasound-specific models: URFM-L on TN3K (0.825), and SAMUS on CAMUS
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Figure 7.7: Per-task results for each segmentation task using full fine-tuning.

(0.903) and PSFHS (0.946).

Here we observe that a general-purpose vision model pretrained on natural images, given
no ultrasound-specific pretraining at all, is the strongest segmentation backbone on this suite
once the encoder is allowed to adapt, while the same model family is distinctly mid-tier
when the encoder is frozen. The implication may be that much of what ultrasound-specific
pretraining currently provides is a representation that transfers well without adaptation,

rather than a better starting point for adaptation.

Fine-tuning also narrows the performance differences. Eight of the ten tasks have an
inter-model spread below 0.09, and four (PSFHS 0.006, CAMUS 0.011, STMUS 0.018, AUL
Liver 0.021) are effectively saturated, with every model within two points of the best. Only
AUL Mass (0.165) and OK Regions (0.090) retain meaningful separation, which makes
those two tasks the primary source of discriminative signal for segmentation in the current

benchmark.
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Table 7.7: The mean and standard deviation of the positive Dice score over three seeds for
each segmentation task after full fine-tuning. The best result for each task is shown in bold.

Pathological Anatomical
AUL Mass  BUS-BRA MMOTU TN3K AUL Liver CAMUS  OK Capsule OK Regions PSFHS STMUS
Deblurring ConvMAE — 0.647 +0.003  0.885 +0.010  0.804 0.016  0.820 +0.005  0.909 +0.004  0.896 +0.001  0.852 +0.014  0.447 40008  0.943 +0.001  0.886 +0.002
Deblurring MAE 0.582 +0.010  0.872 +0.002  0.805 +0.005  0.803 0.007  0.901 z0.002  0.895 +0.001  0.843 +0.007  0.428 +0.009  0.943 +0.001  0.885 =0.001

DINOv3 ConvNeXt-B 0.625 +0.032  0.888 +0.004  0.839 0017 0.796 +0.011  0.905 +0.006  0.899 +0.001  0.882 +0.015  0.501 +0.024  0.945 +0.001  0.882 +0.004
DINOv3 ConvNeXt-L  0.637 +0.023  0.892 +0.001  0.835 +0.003  0.811 +0.011  0.919 +0.005  0.900 +0.002  0.871 +0.011  0.518 +0.015 0.944 +0.001  0.878 +0.009

DINOv3 ViT-B 0.513 +0.002  0.884 0002  0.840 0002  0.812 z0.008  0.910 z0.005  0.894 +0.001  0.840 0044  0.463 £0.023  0.942 +0.001  0.887 0.002
DINOv3 ViT-L 0.678 +0.023 0.895 +0.002 0.853 +0.002 0.821 +0.003 0.921 +0.003 0.898 +0.004  0.877 +0.008  0.495 +0.012  0.943 +0.001  0.889 +0.003
EchoCare 0.586 +0.060  0.866 +0.004  0.813 +0.004  0.783 z0.003  0.903 z0.007  0.892 z0.001  0.848 0015  0.489 z0.031  0.943 +0.002  0.871 +0.004
OpenUS 0.652 +0.015  0.888 +0.003  0.827 +0.002  0.807 +0.011  0.914 +0.007  0.900 +0.003  0.831 +0.023  0.489 +0.012  0.943 +o.001  0.878 +0.008
SAMUS 0.636 +0.020 0.892 +0.003  0.835 z0.007  0.791 20002 0.911 20004 0.903 0.002  0.867 z0.005  0.481 0.012  0.946 +o.001  0.885 +0.005
UltraFedFM 0.532 +0.007  0.848 +0.003  0.783 +0.006  0.747 £0.006  0.900 +0.001  0.892 +0.003  0.802 +0.001  0.435 +0.019  0.940 +0.001  0.874 +0.004
UltraSAM 0.575 +0.006  0.875 z0.001  0.794 0005 0.790 z0.005  0.903 z0.004  0.902 +0.001  0.828 z0.027  0.463 £0.008  0.943 +0.001  0.881 +0.005
URFM-B 0.629 +0.019  0.892 +0.003  0.822 +0.009  0.824 +0.003  0.917 +0.002  0.896 +0.001  0.842 +0.018  0.480 +0.004  0.940 +0.000  0.886 +0.002
URFM-L 0.662 0.011  0.895 +0.001  0.827 +0.006  0.825 x0.007  0.919 zo.002  0.898 z0.001  0.829 0023  0.465 £0.035  0.942 +0.001  0.885 +0.003
USFM 0.582 +0.006  0.876 +0.007  0.802 +0.004  0.805 £0.005  0.905 +0.001  0.897 +0.002  0.845 +0.012  0.433 +0.030  0.943 +0.001  0.886 +0.004
USF-MAE 0.518 +0.007  0.850 +0.000  0.781 +0.006  0.757 +0.003  0.906 +0.003  0.901 +0.001  0.822 +0.025  0.466 +0.024  0.941 +0.001  0.879 +0.002

7.8 Future Directions

7.8.1 Few-Shot Scaling

Few-shot scaling experiments measure the label efficiency of each foundation model by varying
the fraction of training data available during probe training. We define n-shot as n training
samples per class and sweep a range of shot fractions from a small percentage up to the full
training set.

This evaluation directly extends the saturation analysis in Section 7.3. For tasks where full-
data performance is near ceiling across all models, the few-shot regime restores discriminative
difficulty: models with stronger representations require substantially less labeled data to reach
plateau performance, and inter-model gaps are widest at the lowest data regimes. Conversely,
tasks that remain undifferentiated even at minimal supervision provide another lens into
performance saturation, and could also be candidates for replacement in future benchmark

iterations.

7.8.2 Expanding Task Coverage

UltraBench 2.0 primarily covers 2D frame classification and segmentation only. Other

clinically significant ultrasound tasks, such as object detection via bounding boxes, landmark
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localization, cardiac metric regression and video-based temporal analysis, are not represented.
As we expand the capacity of this benchmark, we will look to close this gap by adding
support for tasks that assess spatial localization beyond segmentation masks and any form of

temporal reasoning.

7.9 Discussion

Saturation in practice. The results provide an empirical characterization of task difficulty
and inter-model discriminability within UltraBench 2.0, largely confirming the saturation
predictions from Section 7.3. PSFHS, CAMUS, AUL Liver and STMUS segmentation show
minimal inter-model spread, and under full fine-tuning all four fall within roughly two points
across every model evaluated, offering little signal for ranking foundation models. These
patterns validate the core concern motivating the few-shot scaling experiments: for tasks
where all competent models converge near ceiling performance, restricting training data may
restore the discriminative difficulty needed to meaningfully separate them. In contrast, BUS-
BRA histology classification (best F1: 0.193), OK Regions segmentation (best Dice: 0.518),
MMOTU classification (best F1: 0.529) and AUL Mass segmentation identify themselves
as the key tasks in the current benchmark for distinguishing foundation model quality. A
notable finding is the severity of USFM’s underperformance under probing (weakest mean
classification F1 at 0.468, and lowest score on five of eleven tasks), suggesting that pretraining
on a large dataset does not automatically yield strong performance and raises another research
question of understanding how pretraining data diversity affects learned representations.
EchoCare reinforces the same point: the largest pretraining corpus in the comparison, at 4.5

million images, yields the weakest segmentation probing performance of any model.

Domain-specific versus general-purpose pretraining. The clearest cross-cutting result
is that the value of ultrasound-specific pretraining depends entirely on the evaluation protocol.

With a frozen encoder, ultrasound-pretrained models dominate: URFM-L, URFM-B and
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OpenUS occupy the top three segmentation positions, and the best DINOv3 variant trails
them. Once the encoder is unfrozen, that ordering inverts and DINOv3 becomes the
strongest segmentation backbone on seven of ten tasks. There are two interpretations here.
Either ultrasound pretraining is mostly creating a good frozen representation rather than a
better optimization starting point, or the fine-tuning protocol advantages the more heavily-
regularized general-purpose models. Distinguishing these interpretations is a future goal, but
it is a question that would not have come to light without a good benchmark to support

experimentation.

Limitations. A direct consequence of architectural heterogeneity across the evaluated
models is that the probing heads are not homogenized in terms of parameters. For classification,
the linear probe maps from the encoder’s embedding dimension to the number of output classes.
Since embedding dimensions vary across models, the parameter count of the classification
head differs per model, and also between tasks. For segmentation, we mitigate this where
possible by using a shared upsampler decoder, but nuances remain. First, EchoCare’s
hierarchical Swin backbone is designed to produce multi-scale feature maps, and collapsing
it to a single-scale output would disregard the intent of the model. Thus, we pair it with a
SegFormer decoder that accepts all the feature scale outputs, which ends up having more
trainable parameters than the upsampler. Second, even within the upsampler, the input
dimensionality differs between isotropic ViT models, which produce patch token sequences
that are spatially rearranged before decoding, and spatial map models (SAMUS, UltraSAM),
which pass feature maps directly, yielding different channel depths at the decoder input. As
a result, probing comparisons across models may partially conflate representation quality

with probe head capacity.

The leaderboard is a second limitation. Because all datasets are publicly accessible and
there are no private held-out test sets, the benchmark cannot technically prevent training on

test data, and instead relies on the requirement that submissions be reproducible open-source
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models.

Takeaways. UltraBench 2.0 establishes a foundation for systematic, reproducible compar-
isons of ultrasound foundation models. This resource comes at a moment when the field is
producing new architectures faster than evaluation methodology can keep pace. Our results
already reveal meaningful insights: not all models generalize uniformly across task types,
pretraining corpus scale does not necessarily correlate to improved downstream performance,
model rankings are not stable across adaptation regimes, and a general-purpose vision model
can outperform every ultrasound-specific model on segmentation once fine-tuned. The dif-
ficulty gradient across tasks remains wide enough to support meaningful ranking for most
models today, though the compression observed under full fine-tuning suggests this will not
hold indefinitely without the few-shot protocol described in Section 7.8.1. Lastly, as the
leaderboard grows with community submissions, UltraBench 2.0 will evolve from a static
readout of current performance standards into a real-time tracker of whether the field is

making genuine progress in understanding clinical ultrasound.
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CHAPTER 8

Conclusions

The central question motivating this dissertation was whether deep learning could make a
difference in how clinical ultrasound is used for diagnostic tasks, and if so, what the right way
to build and evaluate such systems looks like. We arrive at an answer through a progression
of works that reflect the technical advancements in AI methodology happening in parallel.
Task-specific supervised models demonstrate attention-worthy performance, with limits that
turn out to be informative. These limits, regarding external generalization and annotation
cost, are not just coincidental, but a direct result of focusing representation learning on
labeled data. This observation is what motivates the shift to self-supervised pretraining

pursued in the second half of this dissertation.

8.1 Summary

The dissertation traces a progression from task-specific deep learning for thyroid nodule
diagnostics to a broader perspective on how to build and evaluate foundation models for
ultrasound imaging more generally. Part 1 (Chapters 3-5) established what is possible
with supervised, task-specific approaches and also where those approaches break down.
Part 2 (Chapters 6-7) was motivated directly by those limitations, asking whether the
pretraining objective and the representation learning setup could avoid tunnel visioning on

better architectures within the supervised paradigm.

Chapter 3 provides a systematic review of deep learning methods for thyroid nodule
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ultrasound, reporting architectures, datasets, clinical tasks, and reported performance claims
across the literature. The most consistent finding was that most models were trained and
evaluated on single retrospective datasets, and prospective use of a model in a new environment

required a non-trivial amount of re-validation to ensure expected performance.

Chapter 4 introduces a joint detection and segmentation framework that couples image-
level nodule presence detection with boundary delineation in a single model. This setup
better reflects how a radiologist simultaneously decides whether a nodule is present and
where it is. Adding the anomaly detection module proved to be a helpful addition, leading to
improved image-wide detection across all tested architectures. Despite the correlated drop
in segmentation quality of small nodules, we were able to establish that these are typically
clinically irrelevant. Lastly, external validation confirmed a meaningful generalization gap,
illustrating that task-specific architectural improvements alone are insufficient to address

data distribution shifts.

Chapter 5 introduces ThyGraph, a patient-level graph construction approach for thyroid
nodule malignancy classification. This method treats the full ultrasound study as a graph, with
edges weighted by anatomical proximity derived from OCR-extracted spatial annotations. The
core finding was that encoding inter-image relationships within graph structure consistently
outperformed approaches that treat each image independently under the MIL framework. We
also found that patch-level features carried more discriminative information for malignancy
than frame-level embeddings. Lastly, the self-attention graph pooling mechanism enabled
clinically interpretable visualizations, with the model correctly focusing on the anatomical

lobe containing the biopsied nodule in examined cases.

Chapter 6 proposes US-JEPA, a JEPA-based ultrasound foundation model pretrained on
the largest publicly available multi-anatomy ultrasound corpus assembled to date. The model
achieved state-of-the-art or competitive performance across the majority of classification
tasks evaluated. Controlled comparisons with matched pretraining data confirmed that the

improvements over standard JEPA and MAE baselines hold independently of data scale,
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attributing observed gains to the SALT pretraining objective and the USrc region conditioning.
In low-label regimes, US-JEPA substantially outperformed existing ultrasound foundation
models, requiring fewer downstream labels to achieve strong performance. Robustness to
image corruptions, including blur, contrast depletion, and speckle noise, was consistently
stronger than reconstruction-based baselines, providing empirical support to the claim that
latent prediction avoids allocating capacity to uninformative pixel-level variance.

Chapter 7 addresses a structural gap in the ultrasound foundation model literature: the
absence of a standardized evaluation framework that would allow meaningful comparison
across models. Prior work compared against limited or non-standardized baselines, making
it impossible to objectively assess progress. UltraBench 2.0 provides a consolidated set
of downstream tasks and a tool for the community to use to unify evaluation of existing
foundation models. Without a standardized evaluation substrate, the field cannot distinguish
genuine progress from favorable benchmark selection, and this benchmark is designed to

provide a reproducible reference point for future work.

8.2 Future Work

The first, and most intuitive extension is to bring the findings of Part 2 full-circle to address
the limitations observed in Part 1. The task-specific models in Chapters 4 and 5 relied,
respectively, on task-specific annotated datasets and ImageNet-pretrained CNN backbones as
feature extractors. US-JEPA representations were shown to be substantially informative and
transferable; thus, using them for training initialization or as fixed feature extractors would
be a natural next step. This comparison would also provide a concrete downstream evaluation
of US-JEPA on the initial clinical tasks and datasets that motivated this dissertation, closing
the loop on some unresolved questions.

A second direction concerns the anatomical density problem identified in Chapter 6.

US-JEPA’s pretraining corpus, despite being the largest publicly available ultrasound dataset
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assembled to date, is not uniformly distributed across anatomies. Distribution shift at
the organ- or pathology-level in the pretrainig data can correlate with downstream task
performance. The UCLA thyroid ultrasound dataset curated for Chapters 4 and 5 is already
a starting point for 1) a larger thyroid-specific pretraining approach or 2) fine-tuning of
general-purpose models like US-JEPA for thyroid diagnostics.

A third direction relates to model portability. Ultrasound’s primary clinical advantage is in
its accessibility: it is bedside, point-of-care, and deployed widely in resource-limited settings.
Large ViT-B and ViT-L models may not integrate with on-device hardware restrictions or
be practical in these environments. Knowledge distillation approaches from US-JEPA into
smaller encoders, or SSL pretraining of lightweight architectures, could provide high-quality
ultrasound representations for constrained settings. The impact would be invaluable in
low-resource environments where ultrasound is often the only available imaging modality and
where standardized Al-assisted diagnostics could have the most transformative impact.

And lastly, UltraBench 2.0 provides coverage for classification and segmentation, two
fundamental tasks in ultrasound AI. However, the task space for ultrasound, especially with
regards to clinically meaningful predictions, is much broader. Expanding the benchmark to
include video-based and 3D volume tasks, regression-focused endpoints, and clinically curated
scenarios would provide a more complete picture of what current models can and cannot
do. More importantly, incorporating real-world distribution shift evaluation across scanner
manufacturers, geographic regions, and patient populations would move beyond synthetic
corruptions toward practically meaningful robustness measurement.

As we rapidly make concurrent advancements in deep learning research and applied
medical Al, it becomes progressively more important that we build the tools necessary
to understand how and why we are observing improvement. Research in reproducibility,
interpretability and benchmarking will continue to be driving forces behind the discoveries
in this field. This dissertation lays the groundwork for how such methods may be used to

improve Al-based diagnostics in ultrasound.
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