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Abstract

Accurate breast positioning in mammography is essential for diagnostic image quality
and quality assurance, yet image-evaluation systems such as PGMI (Perfect, Good,
Moderate, Inadequate) are subjective, time-consuming and prone to inter-and intra-
observer variability. This dissertation aimed to train, test, and validate deep learning
models for assessing breast positioning on medio-lateral oblique views using the
posterior nipple line (PNL) criterion, and to evaluate radiographers’ perceptions of Al
in breast positioning and quality assurance.

A mediolateral-oblique subset of the VinDr-Mammo dataset (n=2,000) was matched by
SOPInstanceUID to the deep-breast-positioning GitHub repository, and models were
replicated. Two strategies were studied: (i) landmark regression (by replicating the U-
Net, Attention U-Net, CoordAtt U-Net and ResNeXt-50 models, and employing a novel
HRNet), with Good/Bad labels derived post hoc via a deterministic PNL rule, and (ii)
direct image-level classification (ResNeXt-50 replica, Optuna-tuned ResNeXt-50,
ConvNeXt-Tiny, and EfficientNet-B3). The performance metrics for regression included
per-landmark Euclidean error (mm) and pectoral-line angular error (°), while those for
classification included macro-F1 and ROC-AUC on the test set. Results were reported
as mean tstandard deviation across five seeds. In parallel, a prospective cross-sectional
guestionnaire was distributed amongst radiographers working in the mammography
unit (n=9) at a local general public hospital in Malta.

For regression, HRNet yielded the lowest landmark and angular errors and, via the PNL
rule, the strongest derived classification (accuracy 94.20+1.04%; F1(Bad)
92.67+1.27%). For direct classification, ConvNeXt-Tiny provided the most balanced
performance (macro-F1 82.64+2.07%; accuracy 83.40+2.22%), while EfficientNet-B3
was lower on macro-F1 (82.10+2.42%) but achieved the highest Sensitivity(Bad)
(84.164+5.91%) and ROC-AUC (90.65+2.57%); both exceeded ResNeXt-50 baselines.
Questionnaire response rate was 88.9%. PGMI was viewed as subjective (4.25/5) and
time-consuming (3.75/5). Adoption enablers were workflow integration (n=6) and
training (n=5); concerns were over-reliance (n=7), accountability (n=6) and reduced
autonomy (n=5).

Amongst the approaches evaluated, HRNet achieved the strongest landmark-
regression performance and consequently the best post-hoc PNL-derived Good/Bad
grading, whereas for direct image-level classification, ConvNeXt-Tiny provided the
most balanced overall performance, with EfficientNet-B3 achieving the highest ROC-
AUC and sensitivity for Bad cases. Questionnaire findings indicate that radiographers
perceive practical value in Al support for positioning, particularly for improving
consistency and enabling real-time feedback, while emphasising that adoption depends
on training and workflow integration. However, external validation on independent
datasets is required to confirm generalisable performance prior to prospective
evaluation in clinical practice.
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Chapter 1: Introduction
1.1 Background

Breast cancer is the most prevalent cancer amongst women globally, accounting for
around 25% of all female cancer diagnoses, with an estimated 2.3 million new cases
reported annually [1], [2]. In Malta, 386 new cases of breast cancer were recorded in
2022 [3]. Although in recent decades the incidence of breast cancer has continued to
increase in almost all European countries, breast cancer mortality rates have declined,
largely due to the implementation of organised population-based breast screening

programmes [4].

Mammography is widely recognised as the gold standard in breast imaging [5].
Evidence from controlled trials has shown that screening mammography can decrease
breast cancer mortality rates by 24-48% [1]. The effect is mediated by earlier-stage
breast cancer detection (a higher proportion of node-negative disease at lower tumour
burden), enabling timelier and often less-extensive treatment, thereby reducing
progression to metastasis and death [1]. On this evidence, many countries have
supported the development and implementation of organised population-based breast
screening programmes that invite asymptomatic women within specific age groups to

undergo mammography screening at regular intervals [6].

In Malta, a national population-based breast cancer screening programme has
been in place since 2010 [7], inviting women aged 50-69 years to attend a biennial
screening mammogram [8]. In 2021, Malta had the fourth-highest breast screening
participation rates in Europe, with 77.8% of women in the eligible age group

undergoing a mammogram within the preceding two years [8].

Routine mammographic screening involves acquiring two standard views of
each breast, the craniocaudal (CC) and mediolateral-oblique (MLO) views, resulting in
a total of four images per examination [?9]. Accurate radiological assessment of
mammograms requires images that contain sufficient diagnostic information, with both
views capturing as much of the breast parenchyma as possible [1]. The diagnostic image

quality of an examination significantly affects the ability to detect cancer. Factors such



as image artefacts, inadequate positioning, or insufficient breast compression can

decrease the sensitivity for breast cancer detection from 84.0% to 66.3% [1].

Breast screening programmes operate within structured quality assurance (QA)
frameworks that define governance, performance targets, and audit processes for safe,
consistent service delivery [1]. Within these frameworks, image-evaluation systems
(IES) provide the operational methodology for grading image quality. Over the years,
several IES have been developed [1]. Across Europe, many breast screening

programmes use the Perfect-Good-Moderate-Inadequate (PGMI) criteria as their IES.

1.2 Statement of the Problem

Despite the existence of established QA processes and the use of IES with defined
criteria, mammographic image quality assessment remains highly subjective, relying on
human interpretation. This introduces inter-reader variability, with studies reporting
kappa values ranging from slight (k = 0.02) to fair (k = 0.40), indicating limited
consistency between raters [1]. Within image quality grading, multiple technical
domains are assessed. Programme audits and regulatory reports repeatedly identify

positioning as the most error-prone and clinically consequential domain [9], [10], [11].

Indeed, the United States (US) Food and Drug Administration (FDA) has
highlighted that inadequate breast positioning during mammography is the primary
cause of most clinical image deficiencies and misdiagnoses [9]. Proper positioning is
associated with lower technical recall rates and higher screen-detected cancer yield
(malignancies identified after recall prompted by an abnormal screening mammogram),

which in turn improves the sensitivity and specificity of mammography screening [12].

1.3 Rationale for the Study

Positioning, a key domain within image-quality grading, is one of the most critical yet
inconsistently evaluated factors in mammographic image quality. Positioning errors
often lead to repeated exposures, thereby increasing radiation dose, healthcare costs,
and patient anxiety [13]. The challenge of consistently producing high-quality images
is further compounded by equipment limitations, patient anatomy, workload pressures

and radiographers’ experience levels [13].



Artificial Intelligence (Al), particularly deep learning (DL) methods such as
convolutional neural networks (CNNs), offer a promising approach to supporting
radiographers in ensuring high-quality mammographic imaging. Al has already
demonstrated robust performance in tasks such as automated breast density
classification and the detection of suspicious lesions [1], [14]. These successes highlight
Al's potential to expand into other quality-dependent areas, including breast

positioning assessment, where consistency and accuracy are equally essential.

To address variability in positioning and image assessment, Al can provide both
real-time and retrospective support in mammographic quality evaluation. In real-time,
Al algorithms can analyse the acquired images to detect positioning deficiencies, such
as poor visualisation of the pectoral muscle or a closed inframammary fold and provide
immediate feedback to the radiographer. This enables prompt correction before the
patient leaves the screening centre and may reduce the number of inadequate images
that progress through the workflow undetected, improving diagnostic accuracy and
reducing unnecessary recalls [12]. Minimising technical recalls is essential not only for
lowering healthcare costs, reducing the risk of over-treatment, and avoiding workflow
disruptions, but also for alleviating patient anxiety and emotional burden [9].
Retrospectively, Al can support QA audits such as PGMI by automatically extracting
image-quality features and mapping them to defined criteria, such as positioning
adequacy, compression, motion/blur and artefacts. Such systems can flag likely non-
conformant images for a second look, provide criterion-specific feedback, and generate
consistent audit summaries. Used this way, Al has the potential to reduce inter-reader
variability, improve audit consistency, support targeted training, and streamline

performance evaluations, while still requiring human oversight and local validation.

However, Al's potential for improving breast positioning in mammography has
received relatively little attention in research, and indeed, there is very limited
commercial availability of tools that can analyse individual quality features and provide
explainable feedback to the end-user [9]. This gap underscores the need for further
investigation to develop tools that can optimise breast positioning. This study is
particularly relevant in the Maltese context, where national breast screening uptake is

high, but image evaluation remains largely manual and subjective. Equally important is



the need to understand the perspectives of radiographers, who are the intended end-
users of such Al tools. Their acceptance and trust in the technology are critical for

successful clinical integration.

1.4 Aims and Objectives
The aims of this research study are:
1. to train, test, and validate DL models for assessing breast positioning in
mammography, and
2. toinvestigate radiographers' perceptions of Al in breast positioning and quality

assurance.

To fulfil the aims of this research study, the following objectives were set:

e Conduct a questionnaire amongst radiographers working at the mammography
unit at a local general public hospital in Malta, to explore their perceptions,
acceptance, and concerns regarding the use of Al in breast positioning and
quality assurance.

e Identify an annotated dataset containing examples of correct and incorrect
breast positioning.

e Identify and select DL models that can be used for assessing breast positioning
in mammography.

e Train and test the selected DL models for assessing breast positioning in
mammography, specifically with respect to the PNL criterion on the MLO view.

e Evaluate the performance of these DL models using appropriate metrics

relevant to the task, such as accuracy, sensitivity and specificity.

1.5 Dissertation Outline

This dissertation is structured into six chapters. Chapter 1 introduced the research
study by outlining the background, identifying the research problem, presenting the
rationale, and clearly stating the research aims and objectives. Chapter 2 provides a
critical review of the literature relevant to the research. Chapter 3 outlines the research
methodology adopted to achieve the research objectives. Subsequently, Chapters 4
and 5 present, analyse, and discuss the results obtained. Finally, Chapter 6 summarises

the main findings and offers recommendations for clinical practice and future research.



Chapter 2: Literature Review

2.1 Introduction

This chapter provides a comprehensive review of the literature relevant to this study.
It begins by detailing view-specific positioning criteria for the two routine
mammographic projections (CC and MLO) as specified in PGMI guidance, followed by
common positioning errors. Established |ES frameworks are then discussed.
Subsequently, the growing role of Al in mammography is explored with a focus on DL.
This chapter concludes by addressing the wider ethical, legal and practical challenges

of deploying Al in clinical practice, particularly within hospital workflows.

2.2 Search Strategy

A structured search strategy was employed to identify and retrieve literature relevant
to the research. This involved the use of electronic search engines, including the
University of Malta’s Hybrid Discovery (HyDi) platform and Google Scholar, as well as
academic databases such as PubMed, ProQuest and ScienceDirect. A structured
Boolean search strategy (AND/OR combinations) was applied, with the specific

keywords presented in Table 2.1.

Table 2.1: Keywords used for the search strategy

Concept 1 Concept 2 Concept 3
“artificial intelligence” “image quality” mammogra*
“machine learn*” PGMI “digital mammogra*”
“deep learn*” “quality assurance” “screening mammogra™”
“convolutional neural “positioning error*” “full-field digital
network” mammogra*”
CNN “breast position*” tomosynthesis
“neural network™” “position* assess™” “breast imaging”

To ensure the relevance and quality of the literature review, several filters were
applied to include only peer-reviewed articles published in the English language, with
full-text availability, and published primarily within the last ten years. Titles and

abstracts of all retrieved records were screened to identify potentially relevant studies,



after which the full texts of the shortlisted studies were reviewed to confirm their
relevance for this work. Duplicate and irrelevant studies were removed. The quality of
the included studies was assessed by analysing their study design, sample size,
methodology, data analysis and conclusions. In addition to the structured database
search, the reference lists of included articles were manually screened and targeted

searches in relevant journals were also conducted to capture further relevant studies.

2.3 PRISMA Results
The PRISMA flowchart (Figure 2.1) highlights the results of the search strategy.

Identification of new studies via databases and registers ‘

s Records removed before
"é Records identified scrgen:rll.gz ¢ d
&= through database > uplicate records
] searching (n=243) removed
2 (n=62)
!
Records screened Records excluded
(n=181) (n=62)
» !
45
s Reports sought for N Reports not retrieved
o retrieval (n=119) (n=34)
O
- !
Reports assessed for N Reports excluded:
eligibility (n=85) (n=18)

[

v

Total studies included in
the literature review
(n=67)

[ Included ]

Figure 2.1: PRISMA flowchart highlighting the results of the search.

The PRISMA flowchart demonstrates the systematic process employed in this
study to identify the relevant literature. The initial search resulted in 243 records, with

67 ultimately meeting the inclusion criteria.

2.4 Positioning Criteria (View-Specific)
2.4.1 Cranio-Caudal View

The CC view is acquired with the X-ray beam directed vertically downwards from the
zero-degree position of the X-ray tube, imaging the breast in a top-to-bottom
orientation [9]. This view enables visualisation of the central and medial (inner) breast
tissue and may reveal areas that could be obscured by superimposed tissue on the MLO

view, particularly lesions located deep within the medial quadrant [9].



Per PGMI guidance, on an ideal CC view: (i) the nipple should be in profile; (i)
posterior and medial tissue to the chest wall with retroglandular (retromammary) fat
visible and maximal lateral inclusion; pectoral muscle may be visible in large breasts but
is not required; iii) the posterior nipple line (PNL) on the CC, drawn 90 degrees from
the nipple to the posterior image edge, within <1 cm of the PNL on the paired MLO

view of the same breast [15].

2.4.2 Mediolateral Oblique View

The MLO view is acquired at an oblique angle, typically around 45 degrees, from the
upper medial aspect of the breast to the lower lateral aspect [9]. Of the two standard
mammographic projections, the MLO is generally regarded as the more diagnostically
valuable projection as it captures a greater volume of breast tissue, particularly the
posterior region, the upper outer quadrant, and the axillary tail, when performed
correctly [16]. Visualising the upper outer quadrant clearly is especially important since

this area is where the majority of breast abnormalities are typically found [16], [17].

Per PGMI guidance, on an ideal MLO view, (i) the breast pulled forward with the
nipple in profile; (ii) a well-visualised pectoral muscle with its inferior edge at or below
the PNL; (iii) PNL on MLO within <1 cm of PNL on CC view, and (iv) the inframammary

angle open and well demonstrated [15].

2.4.3 Common Positioning Errors
Positioning is widely recognised as the leading cause of inadequate mammographic
image quality, with audits showing that the majority of repeat or rejected images result

from positioning deficiencies rather than exposure or technical faults [10], [11], [18].

The MLO view is technically more challenging and tends to exhibit a higher
frequency of positioning errors [9]. The most commonly reported deficiency is failure
to demonstrate the pectoral major muscle extending to the level of the nipple, which
indicates that posterior breast tissue has not been fully included [?], [10], [15]. Other
recurrent errors include poor visualisation of the inframammary angle, absence
of retroglandular fat, and the presence of skin folds that obscure glandular structures
[9], [10].



On the CC view, the most common positioning error is the nipple not being
imaged in profile [9], [10], [15]. This error is clinically significant because the nipple
serves as a central reference point for anatomical alighment; if not consistently imaged
in profile, it hinders reliable comparison with prior or subsequent mammograms and
may obscure retroareolar lesions. Other CC errors include incomplete depiction of
posterior tissue and skin folds, both of which reduce interpretability and may lead to

false negatives or misinterpretation [9], [10].

2.5 Quality Assurance Frameworks in Mammography

High-quality mammographic images are essential for accurate cancer detection and for
maintaining the overall effectiveness of breast screening programmes. Within a
programme’s QA framework, a robust IES is central to reducing the risk of missed
cancers and to limiting technical recalls from suboptimal image quality, thereby
mitigating heightened patient anxiety, delays in diagnosis, and the consumption of
additional resources. Such systems also sustain public trust and participation in breast
cancer screening programmes [19]. Many countries and regions have implemented QA
systems that set minimum standards for image quality. PGMI is used in Malta and the
United Kingdom (UK), EAR (Excellent/Acceptable/Repeat) is used in Australia, and the
US regulates at the facility level under the Mammography Quality Standards Act
(MQSA), with accreditation most commonly granted through the American College of
Radiology (ACR) and ongoing compliance monitored through the Enhancing Quality
Using the Inspection Programme (EQUIP) [20].

PGMI and EAR are criteria-based, image-level grading systems. EAR’s three-
category scale (Excellent/Acceptable/Repeat) favours practicality and rapid feedback
relative to PGMI, albeit with reduced granularity [19] [21]. By contrast, in the US, there
is no direct image-scoring system. Instead, facilities must obtain accreditation,
commonly via the ACR, which evaluates clinical and phantom images on a three-year
cycle [22]. Since 2017, the MQSA inspection process has incorporated EQUIP [20].
EQUIP requires facilities to maintain ongoing, institution-wide image quality review
processes and to implement corrective actions where deficiencies are identified [22].
While EQUIP does not enforce a specific review methodology, facilities must show

their adherence to maintain FDA certification and ACR accreditation status [22].



2.6 Overview of the PGMI Criteria

Developed by the UK Mammography Trainers Group with the support of the Society
and College of Radiographers, the PGMI is an image-level grading framework used to
retrospectively evaluate mammograms against defined technical criteria, such as
positioning and compression, and administrative criteria, such as patient identifiers and
laterality markers [14]. Typically, in quality-controlled screening programmes, it is
expected that ~70% of mammograms are rated as “perfect” or “good”, and less than
3% of mammograms are rated as “inadequate”, with the remainder graded as
“moderate” (~27%) [1]. Based on which criteria are met and to what degree, images
are graded as Perfect (P), Good (G), Moderate (M), or Inadequate (l). Full PGMI

descriptors are provided in Figure 2.2.
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PNL POSTERIOR NIPPLE |LINE

RMLO LMLO

2.-6. Both CC and MLO images meet criteria for image assessment 2-6 inclusive for

categorisation as G

7.-9. Both CC and MLO images displaying minor degrees of variation in criteria for imaging
assessment 7, 8 and 9 will be accepted for categorisation as G
e Minor artefacts not impacting on tissue visualisation

e Minor skin folds — tissue visualisation seen through the minor creases and folds

e Minor asymmetry

Cranio-caudal view (CC)
Specific positioning criteria

1. All breast tissue imaged
o medial border well demonstrated

o nipplein profile or skin edge seen transecting
nipple (retro-areolar tissue well separated)

o nipple in midline of imaged breast

o posterior nipple line (PNL) within 1cm
of PNL on MLO view)

Medio-lateral oblique view (MLO)
Specific positioning criteria

All breast tissue imaged
o pectoral muscle shadow to nipple level

o full width of pectoral muscle

o nipplein profile or skin edge seen
transecting nipple (retro-areolar tissue well
separated)

o infra-mammary angle well demonstrated

o PNL within 1cm of PNL on CC view

M = Moderate images

(Acceptable for diagnostic purposes)

1. Most breast tissue imaged (however, all
breast tissue must be imaged on MLO
image).

o nipple not in profile but clearly
distinguishable from retro-areolar tissue-
(however, nipple must be in profile on
MLO image)

o nipple not in midline

(significant bias)

M = Moderate images
(Acceptable for diagnostic purposes)
1. Most breast tissue imaged.

o Pectoral muscle not to nipple level but
posterior breast tissue adequately
shown

o nipple not in profile but clearly
distinguishable from retro-areolar tissue
(however, nipple must be in profile on
CC image)

o IMA not clearly demonstrated but
breast tissue adequately shown

Correct(ed) image identification
Correct exposure for modality

Classification of CC images

Classification of MILO images

P = Perfect images

Both CC and MLO images meet criteria for image assessment 1-9

Adequate compression

Absence of movement

Correct image processing

Artefacts which do not obscure the image

W O NV e WwN

Asymmetrical images

Skin folds which do not obscure the breast tissue

G = Good images

1. All breast tissue imaged*
o all postero-medial tissue visualised (*axillary
portion of breast not to be included at
expense of medial portion)

o nipplein profile or skin edge seen transecting
nipple

o nipple in midline of imaged breast

G = Good images

All breast tissue imaged
o pectoral muscle well demonstrated

o nipplein profile or skin edge seen
transecting nipple

o infra-mammary angle (IMA) well
demonstrated

| = Inadequate images (applies to both CC and MLO images)

1. Significant part of the breast not imaged
Incomplete or incorrect identification
Incorrect exposure

Inadequate compression which
hinders diagnosis

P wnN

Blurred image
Incorrect processing
Overlying artefacts

© N o Wn

Skin folds which obscure the image

Figure 2.2: PGMI Image Evaluation System (full framework) [19].
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2.6.1 Local PGMI Audit Process

At the national screening unit in Malta, PGMI audits are conducted annually as part of
routine QA. During the audit, the first four mammograms from each daily screening list
in June are selected for review. Each set of images is independently graded by two
radiographers trained and experienced in using the PGMI grading criteria. A third
radiographer then reviews the same images to validate the grading and identify any
discrepancies. Cases with differing initial grades undergo a consensus review involving
all three radiographers. All results are documented in an audit report. Benchmarks align
with the National Health Service Breast Screening Programme standards: at least 75%
of mammograms should be graded as Perfect or Good, while the proportion of
Inadequate images requiring repeat examination should not exceed 3% [1]. A national
Maltese reject analysis reported an overall mammography reject rate of 2.62%
(60/2291 images), with positioning accounting for 71.6% of rejected images, indicating
that positioning errors are the dominant driver of repeat exposures in local practice
[23].

2.7 Limitations of the PGMI System
2.7.1 Subjectivity and Variability

One of the most prominent criticisms of the PGMI system is its reliance on subjective
interpretation. The descriptors, particularly for the ‘Good’ and ‘Moderate’ categories,
are vague and inconsistently applied, leading to variation in implementation across
screening centres [10]. This lack of precision undermines both inter- and intra-observer
reliability, as evaluators often differ in their assessments [10] [19]. Boyce et al. [10]
demonstrated this variability in PGMI application by having five radiographers at a UK
centre and five at a Norwegian centre score the same set of 112 mammograms using
each country’s local version of PGMI. Although both implementations follow the same
overarching framework, the UK version specifies 15 assessment criteria, whereas the
Norwegian version specifies 38 [10]. The higher number in Norway reflects multiple
sub-criteria applied to the same anatomical features, for example, six criteria for the
pectoral muscle compared with two in the UK [10]. Image sets were exchanged and re-
scored. Inter-rater agreement was generally poor to fair. In view-specific analysis, the

best concordance occurred for MLO views amongst Norway raters (k = 0.48-0.57),
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while the poorest was for CC views amongst UK raters (k = 0.007-0.04) [10]. Taken
together, differences in criterion sets and subjective interpretation were associated
with substantial variability between readers and sites. These findings suggest that, in
routine practice, PGMI may have limited reproducibility and cross-site comparability,

highlighting the need for clearer operational definitions and harmonised guidance.

2.7.2 Outdated Framework and Evidence Gaps

PGMI was originally designed for film-screen mammography but is now applied to
digital imaging without major updates to reflect technological change [21]. Despite its
longstanding use in breast screening QA, the PGMI IES lacks a robust evidence base
validating its reproducibility, diagnostic relevance, or clinical utility [19]. Comparative
research, such as that of Moreira et al. [24], showed that PGMI suffers from low inter-
and intra-observer reliability, driven largely by vague descriptors. Similar findings were
reported when PGMI was compared with the EAR system, with neither demonstrating
strong reproducibility or consensus on key image quality features. This highlights

PGMI’s poor adaptability to digital workflows and evolving imaging standards.

2.7.3 Practical Constraints in Clinical Use

Beyond conceptual weaknesses, the PGMI framework is constrained by workflow
realities. Conducting a comprehensive PGMI review requires detailed scoring across
multiple parameters, making it labour-intensive and time-consuming [5]. Consequently,
in practice, only a small retrospective sample of each radiographer’s images is typically
evaluated, limiting representativeness, delaying feedback and reducing sensitivity to
operator drift [5]. This limits PGMI’s value as a tool for continuous professional
development. Furthermore, the manual and resource-intensive nature of PGMI limits

its feasibility for real-time integration in high-volume screening environments.

2.7.4 External Influences beyond the Framework

Several external factors not accounted for within PGMI influence mammographic
image quality and contribute to variability in assessments. Patient-related variables
such as breast size, mobility restrictions, body habitus, and tolerance of compression
directly affect positioning and image quality [10]. Similarly, radiographer-dependent
factors such as level of training, years of experience, and workload pressures impact

the consistency and diagnostic acceptability of acquired mammograms [10].
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Mammography itself is widely regarded as one of the most challenging radiographic
examinations, as it relies extensively on the radiographer’s expertise in achieving
complete patient cooperation and executing precise technique to ensure that the
entire breast is captured in sufficient detail [10] [18]. Achieving these conditions
requires not only technical skill but also effective communication with patients, who
may experience discomfort during compression [21]. Suboptimal technique has, in fact,
been cited as contributing to approximately 30% of cancers being missed [10].
Henderson et al. [25] concluded that the diagnostic accuracy of radiologists is closely
linked to the quality of mammographic examinations performed by radiographers, a
finding supported by broader research showing that optimal image quality improves

cancer detection rates and reduces the incidence of interval cancers [10].

2.8 Al in Mammography

Al has become a major focus of research in mammography, driven by the dual pressures
of high screening volumes and the need for accurate, consistent interpretation.
Applications span a wide range of tasks, including cancer detection, breast density
assessment, BI-RADS classification, risk prediction, lesion localisation, segmentation,
and evaluation of image quality. While these areas vary in their maturity and clinical
validation, together they illustrate how Al is being explored to improve screening
workflows, support healthcare professionals, and enhance diagnostic accuracy in

breast imaging [20].

2.8.1 Al in Screening Workflows

The high imaging volume of population-based mammographic screening has made
workflow-supportive Al a major focus of research. Many European screening
programmes, including in Malta, employ blinded double reading, where two radiologists
independently read each mammogram, with discrepancies resolved through consensus
or arbitration [26]. This approach increases sensitivity but substantially increases
workload [26]. In the UK, for example, approximately 2.2 million mammograms are
performed annually, each requiring double reading, placing significant strain on an
already overburdened workforce [27]. Compounding this challenge, the majority of

screening mammograms are found to be normal [27].
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One method to enhance workflow efficiency is to implement Al algorithms that
operate at a very high sensitivity, and consequently high negative predictive value, to
automatically flag low-risk mammograms [28]. These cases could then be deprioritised,
allowing radiologists to allocate more attention and time to cases flagged as potentially
abnormal [26]. For example, Yi et al. [29] reported that DL algorithms were able to
discard 53% of normal mammograms, all of which were truly cancer-free. Kyono et al.
[30] similarly showed that a deep neural network correctly identified 91% of negative
mammograms in a dataset with a cancer prevalence of 1%. Other studies suggest that
Al can reduce radiologists’ workload by up to 50% without degrading the area under
the receiver operating characteristic (ROC) curve (AUC), albeit with threshold-
dependent trade-offs; stricter cut-offs typically yield larger workload gains but at the

cost of higher true-positive loss [26] [31].

Al has also been investigated as a second reader. In an observer study of 546
mammographic cases interpreted by 14 radiologists, Rodriguez-Ruiz et al. [32] found
that Al support improved performance, with the mean AUC increasing from 0.87 to
0.89 (p=0.002) and sensitivity from 83% to 86%, with no significant changes in
specificity or reading time. This aligns with findings from Dembrower et al. [33], who in
a prospective Swedish ScreenTrustCAD trial of 55,580 women found that Al, paired
with a single radiologist, achieved non-inferior performance compared with standard
double reading, detecting slightly more cancers (261 vs 250). Importantly, this
approach reduced radiologist reading workload by approximately 44%, underscoring

Al's potential to enhance efficiency without compromising cancer detection [33].

Despite these promising findings, results are not universally consistent. In a
systematic review of 12 studies involving over 130,000 women, Freeman et al. [34]
concluded that while some Al systems reduced workload and achieved performance
comparable to individual radiologists on retrospective enriched datasets, most were
still less accurate than a single radiologist and all underperformed double reading. This
highlights that although individual and retrospective studies demonstrate encouraging
results, the broader evidence base still reveals important limitations and underscores

the need for large-scale prospective validation.
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2.8.2 Al for Interpretative Tasks

2.8.2.1 Image-level Classification

Early applications of Al in mammography focused on whole-image classification. This
task typically used CNNs that were originally designed for natural image recognition
and later adapted to medical imaging through transfer learning. Widely used backbones
include VGG, Inception (GooglLeNet), ResNet, DenseNet, and EfficientNet. Huynh et
al. [35] benchmarked VGG, GoogleNet, ResNet, and EfficientNet on the RSNA
mammography dataset, comparing training from scratch with transfer learning. Fine-
tuned EfficientNet achieved the highest AUC (0.92), followed by ResNet (0.90),
GooglLeNet (0.88), and VGG (0.86); EfficientNet also reported the highest accuracy
(95.6%). These results confirm EfficientNet's efficiency-accuracy trade-off while
demonstrating the continued relevance of classical CNNs when adapted to medical
imaging. Moreover, ensembles can provide additional improvements. Altameem et al.
[36] combined Inception, ResNet, VGG, and DenseNet in a fuzzy ensemble, achieving
approximately 99%  accuracy on a three-class classification  task
(normal/benign/malignant). These findings illustrate that both individual backbones
and ensemble strategies can achieve very high diagnostic accuracy. While these results
are impressive, they must be interpreted with caution. Many studies rely on relatively
small or homogeneous datasets, which can inflate performance and limit
generalisability. Therefore, although CNNs demonstrate strong results, robust external
validation across diverse populations and imaging systems remains a critical challenge

for clinical translation.

2.8.2.2 Lesion Detection (Localisation)

Moving beyond whole-image classification, object detection frameworks have been
employed to localise suspicious regions within mammograms. This allows Al systems
not only to predict the presence of cancer but also to highlight bounding boxes around
candidate lesions, thereby improving interpretability for clinicians. A prominent
example is the study by Ribli et al. [37], who applied Faster R-CNN with a VGG16
backbone. This two-stage architecture first uses a Region Proposal Network to
generate candidate regions, which are then classified (benign vs malignant) and refined

with bounding box regression. Their model achieved an AUC of 0.95 on the public
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INbreast dataset and ranked second place in the Digital Mammography DREAM
Challenge (AUC = 0.85). These results highlight the strength of two-stage detectors in
localisation precision, particularly for small or subtle findings such as clusters of

microcalcifications, although their computational demands limit real-time deployment.

To improve efficiency, researchers have also investigated one-stage
detectors such as YOLO. These detectors directly predict bounding boxes and class
probabilities in a single pass, enabling much faster inference [38]. However, earlier
YOLO versions were less sensitive to very small or low-contrast lesions compared with
two-stage detectors. More recent iterations, such as YOLOv4, YOLOvV5, and YOLOV7,

have narrowed this gap, but still lag two-stage frameworks.

2.8.2.3 Lesion Segmentation

While lesion detection localises a lesion location, segmentation aims to delineate its
precise boundaries. This capability is clinically valuable for tumour size estimation,
treatment planning, and longitudinal monitoring. The dominant architecture for this
task is U-Net, introduced by Ronneberger et al. [39] in 2015. Its name reflects its
distinctive U-shaped design, characterised by a symmetric encoder-decoder structure
that enables precise, pixel-level segmentation [40]. The encoder (contracting path)
reduces spatial resolution through convolution and pooling, capturing higher-level
semantic features, while the decoder (expanding path) upsamples to recover spatial
resolution [40]. Crucially, U-Net employs skip connections that concatenate encoder

and decoder features, preserving fine-grained detail for pixel-level segmentation [40].

In mammography, U-Net has proven highly effective. Abdelhafiz et al. [38]
reported a mean Dice similarity coefficient of approximately 95.1% and Intersection
over Union (loU) of approximately 90.9% across film and digital mammograms, closely
matching expert annotations. Similarly, Soulami et al. [41] reported a Dice coefficient
in the range of 99.20% - 99.56% across the DDSM and INbreast datasets. These
findings demonstrate that DL segmentation approaches can approximate radiologist-
level performance in delineating breast lesions. Several U-Net variants have been
proposed to address specific limitations. Attention U-Net uses attention gates within
skip connections to highlight tumour regions and suppress irrelevant background,

thereby improving sensitivity for subtle or low-contrast lesions [40]. Res-
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UNet integrates residual blocks to stabilise training in deeper networks and enhance
feature learning [42]. Other extensions, including UNet++ and connected U-Nets,
introduce redesigned skip connections and multi-scale feature fusion [40]. Across
several studies, these variants report higher Dice/loU scores and are frequently cited

as state-of-the-art baselines for mammographic segmentation [42].

Nevertheless, these models are not without limitations. Attention mechanisms
introduce additional computational cost and do not fully resolve challenges such as
class imbalance or variable image quality. Residual architectures remain sensitive to
dataset size and diversity. Moreover, segmentation networks often perform less
reliably in dense breast tissue, where lesion boundaries are obscured. Therefore, U-Net
performance still depends on dataset characteristics and careful optimisation. The lack

of consistent multi-centre validation remains a major barrier to clinical deployment.

2.8.3 Al for Breast Positioning and Image Quality in Mammography

This study focuses on using Al to assess breast positioning and image quality in
mammography, an underexplored yet significant contributor to inadequate images and
recall. Positioning is a primary determinant of mammographic image quality.
Suboptimal positioning not only reduces diagnostic sensitivity but also undermines
screening programmes’ efficiency. To address this, a growing body of studies has
applied Al to assess breast positioning and image quality, with key findings summarised
in Table 2.2. Across these studies, approaches include landmark regression for
anatomical reference points; direct image-level CNN classifiers trained on adequacy
labels; and hybrid pipelines that map predicted landmarks to rule-based decisions. This
study adopts a replication-first approach to the work of Tanyel et al. [17] and extends
it by (i) evaluating more recent DL backbones and (ii) incorporating radiographers’ views

via a questionnaire, which is novel within the literature reviewed in Table 2.2.
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Table 2.2: Summary of reviewed studies that focus on Al for positioning adequacy and image quality in mammography.

Author Dataset (size & type) Al method Target Positioning Criteria Performance Metrics Strengths Limitations
(year) Views Assessed
Gupta et al. Institutional (Ohio Transfer-learned CC& Coverage of TPR: 91.35% (MLO), Real-time Small, imbalanced
(2020) [20] State University) Inception-v3 for landmark MLO posterior tissue 95.11% (CC); the algorithm feedback; dataset; only 2D
retrgspective regression (PEC line and via PEC- also ge'nerates a interpretable full-field digital
screening dataset: PNL); positioning PNL geometry; CC- technologist report for MQSA-based mammography
194 malposition ’ . MLO PNL length corrective action. rules; small but (FFDM)
cases (508 MLO, 379 adequacy assessed using difference < 1 cm; well-labelled mammograms;
CC repeat images) + | rule-based criteria (PEC- automatic dataset. single-site; rule-
133 normal (266 PNL intersection for MLO, view/marker based criteria may
MLO, 266 CC). 1-cm PNL rule for CC); detection. not generalise to all
separate BB (nipple cases.
marker) detection using
OpenCV Hough Circle
Transform.
Brahim 3,112 FFDM Multiple CNN classifiers CC& Criteria derived Criterion-specific | Skin fold detection
etal. screening trained per positioning MLO from MQSA feedback; diverse excluded due to
(2022) [9] | mammograms from 6 criterion (specific standards; multi-institution data scarcity;
radiology sites in architectures not MLO: pectoral to dataset; evaluated only on
Germany and abroad | specified); aggregated into nipple level, Prototype 2D FFDM
(1,556 CC/MLO an overall adequacy pectoral angle software module | mammograms; real-
views) + INbreast decision via rule-based (>10°), nipple in providing world deployment
dataset for class combination aligned with profile, Acc: 96.5% (CC), 93.3% criterion-specific not evaluated.
balancing via clinical guidelines; retroglandular fat. | (MLO) for adequate vs predictions and
augmentation. interpretability supported CC: nipple in inadequate positioning. real-time
with Grad-CAM profile, feedback for
visualisations.

retroglandular fat.

radiographers.
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Watanabe

1,631 MLO views

Two-step: region of

MLO IMF IMF: Part-specific Low recall,
etal. (2023) | from DDSM dataset; interest localisation + 3- quality and nipple scoring; precision and F1
[14] ROls auto-detected class CNN classification profile graded VGG16 best model (Acc quantitative score for nipple
for inframammary (VGG16, Inception-v3, separately (EAR-like 0.7836, Rec 0.5807, softmax metrics; detection <0.5;
fold (IMF) and nipple; Xception, Inception- 3-scale). Prec 0.5864, F1 0.5797. interpretable outdated dataset;
3-class labels ResNet-v2, EfficientNet- landmark-specific evaluation limited
(excellent/average/p | BO); softmax layer used to Nipple in profile: outputs. to IMF and nipple.
oor) per Japanese output class probabilities.
margsﬂ?fr:?npghy Xception best model (Acc
guidelines. 0.7278)
EfficientNet-BO close
(Acc 0.7167).
Lowest: Inception-ResNet-
v2 (Acc 0.5641).
Tanyel et al. VinDr- Landmark regression with MLO PNL criterion: CoordAtt U-Net best
(2024) [17] Mammo subset:

1,000 exams —

split 80/10/10;
expert landmark
annotations.

2,000 MLO images;

R-ResNeXt50, U-Net,

Attention U-Net, and

CoordAtt U-Net (6 output
for 3 landmarks) trained
with Landmark-Aware

Wing Loss;

Binary classification with

ResNeXt50 classifier
(good vs bad).

perpendicular line
from nipple must
meet pectoral
muscle (endorsed
by ACR).

model: Acc 88.63 + 2.84%,
Spec 90.25 + 4.04%, Sens
86.04 + 3.41%, angular
error = 2.4°; achieved
lowest landmark localisation

errors.

ResNeXt50 classifier
showed comparatively

lower performance,
confirming the advantage of
landmark regression.

Combines regressi
on + classification;
CoordAtt UNet
shows high
anatomical
precision; open-
source dataset &
code released for
reproducibility.

classification-only

prospective clinical

MLO only; CC
views not
addressed; single
public dataset
subset;
computationally
heavier than

models; no

deployment.
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2.9 An Overview of Convolutional Neural Networks

CNNs are a class of deep learning architectures widely used for image analysis,
including medical imaging tasks such as object detection, segmentation and
classification [43]. Inspired by the organisation of the visual cortex of the human brain,
where neurons are arranged to respond to specific regions of the visual field, CNNs
mimic this hierarchical processing by learning local and hierarchical feature

representations through local receptive fields using learnable filters (kernels) [44].

A typical CNN architecture comprises a sequential stack of convolutional layers,

pooling layers, and fully connected (dense) layers, as illustrated in Figure 2.3.

Good postioning
" quality
u Poor postioning

quality

Input Convolution Max-pooling Fully-connected Output

Figure 2.3: Simplified architecture of a CNN [9].

Convolutional layers apply multiple learnable kernels that perform discrete
convolution operations across the input tensor, generating feature maps that capture
spatial hierarchies such as edges, textures, and shapes. These are followed by non-
linear activation functions, most commonly the Rectified Linear Unit (ReLU), which
introduce non-linearity into the model [45], with the main benefit of ReLU over others
being lower computational load [46]. Pooling layers, commonly using max pooling or
average pooling, down-sample the spatial dimensions of feature maps, thereby
decreasing the number of parameters and improving translational invariance and
computational efficiency [44]. Following the convolutional and pooling layers, CNNs
produce higher-level feature maps that encode increasingly abstract visual patterns.
Depending on the task, these feature maps may be flattened and passed through fully
connected layers (for example, in image-level classification), or further processed by
additional convolutional and upsampling layers to generate dense, pixel-wise

predictions (for example, in segmentation) [47], [48].

A fundamental property of CNNs is weight sharing, where the same set of

kernels is applied across different regions of the input [46]. This reuse of weights
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reduces the number of trainable parameters, improves computational efficiency, and
enhances translation invariance, making CNNs particularly effective for extracting and

analysing complex visual patterns in medical images [46].

2.9.1 Hyperparameter Tuning and Optimisation in CNNs

Hyperparameter tuning is a key component in optimising CNNs' performance, as it
directly influences the model’s learning dynamics, generalisability and computational
efficiency [49]. Core hyperparameters include the learning rate (LR), which scales the
gradient and determines the step size of weight updates during gradient descent; the
batch size, which determines how many samples are processed before a weight update;
and the number of epochs, which indicates how many complete passes are made over
the training data [47], [49]. The choice of optimiser, such as Adam or stochastic
gradient descent, also impacts training dynamics [48] . While the optimiser itself is a
configuration choice, its associated parameters, such as LR, momentum (for stochastic

gradient descent), and the B coefficients in Adam, are tunable hyperparameters [48].

Beyond training dynamics, architectural hyperparameters, such as the number
of convolutional layers, filter sizes, stride values, and number of filters per
convolutional layer, further influence the model’s learning capacity and generalisation
performance [49]. Additional hyperparameters include weight decay (L2 regularisation)
and dropout rate, both of which are regularisation techniques used to mitigate
overfitting, the former by penalising large weights and the latter by randomly
deactivating neurons during training [49] [45]. To identify the most effective
configuration, researchers adopt systematic hyperparameter tuning strategies.
Traditional approaches such as grid search and random search remain widely used,
while more advanced methods such as Bayesian optimisation and automated
frameworks like Optuna enable more efficient exploration of the hyperparameter
space [49]. Nonetheless, hyperparameter tuning is often constrained by computational

cost, resulting in trade-offs between search depth and available GPU resources [49].

Complementing these search methods, training optimisation techniques such as
LR scheduling and early stopping are widely adopted to improve model robustness and

prevent overfitting [40], [45].
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To fine-tune these hyperparameters and select the most effective model,
researchers rely on performance metrics from the validation set [49]. In most DL
workflows, the dataset is divided into three parts: a training set (usually around 70-
80%) used to train the model, a validation set (typically 10-15%) used to tune
hyperparameters and avoid overfitting, and a test set (around 10-15%) reserved for
evaluating final model performance on unseen data [49]. During training, the model is
evaluated on a validation set, and metrics guide decisions such as which LR schedule

to adopt, when to stop training, or which model checkpoint to retain.

2.9.2 Challenges in Medical Imaging Datasets

Training CNNs for medical image tasks, such as in mammography, typically relies on
supervised learning, where models require large volumes of high-quality annotated data
[40], [43], [49]. However, access to such datasets is significantly constrained by several
factors. Firstly, annotating medical images is time-consuming, costly, and typically
requires expert input [43], [46], [49]. Secondly, stringent data protection regulations
such as the General Data Protection Regulation (GDPR), combined with institutional
privacy policies, often impose strict limitations on the sharing and centralisation of
patient imaging data [48]. Thirdly, the scarcity of publicly available medical imaging
datasets further exacerbates these challenges [50]. Collectively, these challenges
impede the scalability and generalisability of Al models in medical imaging, as they
restrict the size, diversity and representativeness of datasets, while also increasing the

risk of overfitting and bias, and hindering reproducibility across studies [48].

2.9.3 Overfitting and Regularisation

In supervised learning, models must infer generalisable patterns from training data to
make accurate predictions. However, when DL models are trained on insufficient or
unrepresentative data, they risk overfitting [46]. This happens when the model fits the
training distribution well but fails to generalise to unseen clinical data. In medical
imaging, this challenge is particularly pronounced, as labelled datasets are scarce, costly
to obtain, and often difficult to scale compared to other domains [49]. Figure 2.4
illustrates this concept by comparing model performance across training and test
datasets. In the overfitting scenario, the model achieves high training accuracy (red) but

performs poorly on the test set (green), showing that it has memorised training data
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rather than learning generalisable patterns [46]. By contrast, in the balanced scenario,
training (red) and test (green) accuracies remain closely aligned, indicating that the

model has successfully learned features that transfer to unseen data [46].

,. ...,,.,, \.. ..... ..,..'.
Q74 o ® o
Overfitting Balanced

Figure 2.4: Graphs iIIuStrating overfitting (left) and balanced learning (right) [46].

Several strategies have been proposed to mitigate overfitting. At the model
level, techniques such as dropout, weight decay and batch normalisation constrain how
the network learns. Collectively, these techniques reduce overfitting by limiting
reliance on spurious correlations [47]. At the knowledge level, transfer learning
leverages representations learned from large-scale natural image datasets to improve
generalisation on smaller, domain-specific medical datasets [46]. Finally, at the data
level, augmentation methods, such as geometric transformations and intensity shifts,
synthetically expand dataset diversity, improving robustness and enabling CNNs to

generalise more effectively in clinical deployment settings [43].

2.9.4 Transfer Learning

DL is extremely data-hungry [46]. Given the substantial data, computational resources
and time needed to train deep neural networks from scratch, transfer learning has
emerged as a practical and effective solution [51], [52]. Figure 2.5 illustrates transfer
learning; leveraging a model pre-trained on a large dataset, commonly natural images
(such as ImageNet) and adapting it to a smaller, domain-specific medical dataset, by
reusing convolutional feature extractors and either training a new classifier head or
fine-tuning some or all layers for the new target task [51]. Popular CNN architectures
such as GooglLeNet (Inception-v1), ResNet, and AlexNet are commonly available pre-
trained on the ImageNet ILSVRC (ImageNet-1K) dataset, which contains around 1.2
million images across 1000 classes [46], [53]. Although ImageNet does not include
medical images, these models learn generalisable low-level features (such as textures,

edges and gradients) that can be effectively transferred to medical domains. Transfer
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learning enables improved generalisation, faster convergence, and higher performance,

even with the limited training samples [20].
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Figure 2.5: Example of transfer learning from ImageNet dataset to a medical
imaging classification task. Adapted from [9], [53].

In this approach, models are initialised with weights from networks pre-trained
on large-scale datasets [43]. The learned features are then adapted to the target task
through either feature extraction, in which pretrained layers are frozen and used to
generate fixed feature representations for new classifier layers, or fine-tuning, in which

some or all layers are retrained to capture domain-specific characteristics [47].

Both methods often reduce labelled data needs and can reduce computational
demands compared with training from scratch, while maintaining strong performance
[47]. Feature extraction is generally preferred when labelled data is extremely limited
or compute is constrained, as it minimises the number of trainable parameters and
reduces overfitting risk [54]. Fine-tuning, in contrast, typically yields better
performance when domain-specific adaptation is required, provided that sufficient
labelled data is available [54].

2.10 Ethical and Legal Considerations

High DL performance generally depends on access to large, diverse training data. The
drive towards larger, more heterogeneous datasets should be matched with stringent
data protection and security measures, making sure that patient privacy rights are
upheld and sensitive information remains safeguarded against unauthorised access
[48]. In the European Union (EU), mammography images are classified as “special

category personal data” under the GDPR (Article 9), as they constitute data concerning
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health [55]. Processing such data requires a lawful basis, most commonly explicit
patient consent. The GDPR further mandates compliance with the principles of data
minimisation, purpose limitation, and integrity and confidentiality (Article 5) [27]. The
principle of privacy by design and by default (Article 25) further requires that
safeguards such as encryption, pseudonymisation, and robust access control are

embedded into the system architecture from the outset [55].

From a regulatory standpoint, the EU Al Act classifies Al systems used in medical
imaging as high-risk, triggering provider obligations including a quality management
system, risk and data-governance controls, technical documentation, event logging,
human oversight, conformity assessment, and post-market monitoring [56]. In parallel,
the Medical Device Regulation (MDR) governs Al-based software intended for medical
purposes, including mammography, requiring conformity assessment and Conformité
Européenne (CE) marking before placement on the market, followed by post-market
surveillance once in clinical use [57]. Together, these frameworks emphasise that Al

tools must be transparent, robust and subject to effective human oversight [57].

The forthcoming European Health Data Space aims to establish a harmonised
EU framework for the secondary use of health data, including for Al training, across EU
Member States [58]. Until its implementation, any transfer of personal data outside the
European Economic Area (EEA) must comply with the safeguards set out in Chapter V
of the GDPR, such as the European Commission’s adequacy decisions or the use of

Standard Contractual Clauses, amongst other recognised transfer mechanisms [59].

2.10.1 Broader Ethical Considerations

Beyond regulatory compliance, ethical implementation of Al in mammography requires
attention to fairness, transparency and accountability. Fairness demands that Al
models are developed and validated using representative datasets that encompass
diversity in patient demographics, breast densities, body habitus, imaging equipment,
and positioning practices, to minimise performance disparities across populations [27].
However, fairness is not static; it requires continuous validation and post-market
monitoring to maintain equitable and reliable performance as clinical contexts,

populations, and technologies evolve [60].
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Transparency is another essential principle. However, achieving it in Al decision-
making can be challenging for several reasons. One challenge is the intrinsic technical
complexity of DL models [61]. Another challenge is intellectual property protections
that limit disclosure of an algorithm’s architecture, training data, and source code [27].
While these safeguards protect commercial value, they can conflict with the openness
needed for clinical trust and independent validation [27]. In addition, regulatory
requirements often restrict public access to technical documentation, and data privacy

obligations can limit the extent to which training datasets can be shared [55].

Regulatory frameworks also address transparency. Under the EU Al Act,
providers of high-risk Al systems must supply deployers with clear instructions for use
and ensure systems support effective human oversight (Articles 13-14) [56]. In
addition, the Al Act requires data governance and technical documentation covering
the system and its data management practices (Articles 10-11 and Annex V), although
it does not mandate public disclosure of the full training dataset composition or internal
decision logic [56]. Similarly, the MDR (Annex 1) requires documentation of intended
use, performance, and risk management, yet these materials are typically reviewed only
by notified bodies rather than made public [57]. Given these factors, many DL systems
remain “black-boxes,” where the opacity of their decision-making processes makes it
difficult to interpret outputs or assign responsibility [61]. This lack of transparency risks
eroding clinicians’ trust and may result in either the outright rejection of Al
recommendations or undue trust in algorithmic outputs [62]. This underscores the

importance of integrating explainable Al methods [27].

Another important ethical concern is accountability [63]. Clear policies should
define who holds responsibility when adverse outcomes occur. Current consensus is
that the near-term strength of Al lies in augmenting rather than replacing healthcare
professionals. Accordingly, current best practice recommends that healthcare
professionals retain ultimate responsibility for clinical decisions, with Al used solely as
a decision-support tool [64]. This approach keeps human accountability in the loop
[61]. Finally, maintaining public trust is critical. Patients must be informed about how
their data is used, the safeguards in place, and their rights under GDPR, including

access, rectification, and erasure [55].
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2.11 Integration of Al into Hospital Workflow

The integration of Al into hospital workflows is a complex, multi-layered process that
extends beyond the technical deployment. For Al to deliver value in mammography
and breast positioning, it must not only demonstrate diagnostic accuracy but also fit
seamlessly into existing infrastructures, support healthcare professionals’ work, and
remain reliable over time. One of the most frequently reported barriers to Al adoption
is workflow fragmentation. Radiographers operate within tightly structured systems
built around Picture Archiving and Communication System (PACS) and Radiology
Information System [27]. Al solutions should ideally be integrated directly into PACS
viewers or acquisition consoles [27]. Once embedded, these systems must also meet

operational requirements [55].

Second, clinical usability and human factors determine real-world value.
Feedback such as positioning scores, landmark overlays, and suggested corrections
should be presented via an intuitive interface that minimises extra steps or platform
switching [65]. Systems must also incorporate override options, allowing healthcare
professionals to reject or amend Al outputs [63]. Moreover, early involvement of
radiologists, radiographers, IT staff, and management in the procurement and pilot

phases has been shown to reduce resistance and increase adoption rates [63].

Third, reliability, maintenance, and performance monitoring are essential. Model
performance can drift with software updates, protocol or vendor changes, and
population shifts [27]. Hospitals, therefore, need to update governance and continuous
post-market monitoring using quality and performance indicators consistent with the
EU Al Act's post-market monitoring [56] and MDR post-market surveillance
requirements [57]. Reliability also hinges on a fail-safe design. Backup protocols, data

storage, and contingency planning are critical to prevent disruptions and sustain trust.

2.12 Conclusion

This chapter has provided an overview of mammography and the QA frameworks that
underpin its practice. It has also considered the growing role of Al in this domain and
the foundations that support its development. Finally, it outlined the broader technical,

legal, and practical considerations that influence the adoption of such technologies.
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Chapter 3: Methodology

3.1 Introduction

This chapter outlines the research design and methodology adopted in this study to

achieve the research aims and objectives.

3.2 Research Design

The research design provides the overall framework for addressing the research
question [66]. It outlines how the study will be conducted, specifying the methods used
for data collection and analysis [66]. This study adopted a dual-component design,

consisting of two concurrent but methodologically independent components.

Component A-Quantitative Data Collection: involved the development and
distribution of a self-designed online questionnaire targeting radiographers working at
the mammography unit at a local general public hospital in Malta. This component
adopted a cross-sectional, prospective, non-experimental design within a quantitative

research framework.

Component B-Deep Learning Model Selection and Evaluation: involved
identifying, training and evaluating the performance of selected DL models for
automated assessment of breast positioning quality in screening mammography. For
this component, pre-trained architectures were quantitatively assessed using
annotated mammograms from an open-source dataset, applying both regression and

classification approaches to evaluate positioning accuracy and overall image quality.

Both components were conducted simultaneously and analysed independently, each
addressing a distinct aspect of the overarching research aim while collectively

advancing understanding of Al in breast positioning and QA in mammography.

3.3 Quantitative Data Collection

3.3.1 Research Design Rationale

A cross-sectional design was selected because the objective was to obtain a point-in-
time snapshot of radiographers’ perceptions and practices in the current Maltese

breast-screening context [66]. A prospective approach was adopted in that data were
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collected forward from the time of study initiation using a newly developed instrument,
reducing reliance on retrospective records and ensuring uniform measurement
conditions [66]. A non-experimental design was necessary as the researcher did not
attempt to manipulate the independent variable during this research study, particularly
since the aim of this component was descriptive in nature [66]. A quantitative
framework was justified by the use of a structured, self-administered questionnaire
using several closed-ended questions, enabling numerical summarisation and statistical

evaluation [66].

3.3.2 Target Population, Accessible Population, and Sampling

Quantitative researchers sample from the accessible population, with the aim of
generalising findings to the broader target population [66]. The target population
comprises the entire population a researcher is interested in [66]. The accessible
population is a subgroup of the target population that meets the inclusion criteria and

is accessible to the researcher within the timeframe of the study [66].

In this work, the target population comprised all radiographers practising
mammography in Malta, including those working in private clinics, the National Breast
Screening Unit, and public hospitals located in Malta and Gozo. The accessible
population was limited to radiographers currently working at the mammography unit
at a local general public hospital in Malta who were willing to participate in this study.
According to personal communication with the administrative team at the medical
imaging department (MID) of the hospital, nine radiographers were working in this unit
at the time of the study. As the population was small and clearly defined, all individuals

were invited to participate, ensuring full representation of the accessible population.

3.3.3 Data Collection Tool

The data collection tool consisted of a self-designed questionnaire, informed by the
literature findings described in Chapter 2 and developed in the absence of a suitable
existing research tool. A questionnaire was selected because, compared to interviews
or focus groups, it is more cost- and time-efficient, offers more anonymity, and
eliminates interviewer bias [66]. The questionnaire, together with the participants’
information sheet, was administered via the Google Forms platform, selected for its

ease of use, wide accessibility and no-cost access [67]. The platform enabled efficient
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distribution of the questionnaire through a single shareable link, while its integration
with Google Sheets facilitated straightforward data organisation and preliminary
analysis [67]. Data collection was carried out over a four-week period (August-
September 2025). To improve the response rate, weekly reminder emails were sent by

the intermediary throughout the data collection period.

3.3.4 Design/Structure of the Questionnaire
The finalised questionnaire had 21 questions, divided into four sections (Appendix A):
e Section A (questions 1-3) gathered participants’ demographic and professional
background information, including age group, years of experience working in

mammography, and the highest level of education obtained in radiography.

e Section B (questions 4-9) focused on participants’ awareness, understanding and
perceptions of current breast positioning practices and QA systems in

mammography, with particular attention to the PGMI evaluation system.

e Section C (questions 10-16) assessed participants’ general awareness of Al in
mammography and their direct experience with Al tools in this setting. It further
examined radiographers’ awareness of Al applications for breast positioning and
image quality evaluation, as well as any prior use or trials of such systems.
Moreover, it evaluated their attitudes towards adopting these applications in
routine clinical practice and within structured QA activities, focusing on
perceived usefulness and anticipated impact on practice. A brief contextual
description of Al in mammography was also provided, outlining its potential to

deliver real-time feedback and to support retrospective quality assessment.

e Section D (questions 17-21) explored participants’ perceptions of the benefits,
risks, and limitations of using Al in breast positioning and QA, along with their

willingness to adopt and engage with Al-based tools in clinical practice.

Most of the questions included in the finalised questionnaire were closed-ended,
multiple-choice, dichotomous, and Likert scale rating questions. The primary reason for
using such questions rather than open-ended ones is their faster completion time,
which reduces respondent burden, encourages higher response rates, and facilitates

easier statistical analysis [66]. Question 21 in section D of the questionnaire was the
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only open-ended question. For question 18 in the same section, an ‘Other’ category

was provided to capture any responses not included in the predefined options [68].

3.3.5 Validity

The validity of a questionnaire is essential because it determines the degree to which
the research tool accurately measures what it is intended to measure [68]. In
guantitative research, four main types of validity are recognised: content, face,
construct and criterion validity [68]. In this study, content validity was deemed the
most appropriate because (i) the construct is context-specific and multidimensional, (ii)
criterion validity was not feasible due to the absence of an external benchmark, and (iii)
robust construct validation is typically undertaken after establishing content adequacy
and with larger samples [66]. Content validation was performed by four experts: two
academics with considerable experience in performing research, a radiologist with over
ten years of experience in breast imaging, and a radiographer who serves as the
Director for Cancer Care Pathways and conducts research in cancer care/screening.

The questionnaire, alongside the study’s aims and objectives, was given to each expert.

To assess the content validity of the questionnaire, the Item-Level Content
Validity Index (I-CVI) was employed, as recommended by Polit and Beck [69]. Each
expert independently evaluated the relevance of each item using a 4-point scale, where
1= not relevant and 4= highly relevant [69]. The I-CVI for each item was calculated by
dividing the number of experts rating the item as 3 or 4 by the total number of experts
[69]. Scores closer to 1 indicate stronger content validity, with an I-CVI of 0.80 or
higher generally considered acceptable [69]. In this case, the resultant mean CVI was
0.947, demonstrating excellent content validity. No changes were made to the

guestionnaire following content validity testing.

3.3.6 Reliability

A research tool is considered reliable when it produces consistent results under the
same conditions using the same methods [68]. In this study, reliability was examined as
internal response consistency within a single administration. One question was
intentionally rephrased and placed at a different point in the questionnaire to assess

the reliability of the participants [66]. This approach is supported in the literature as a
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practical method for assessing participant response consistency [66]. Agreement
between the original item and its reworded parallel item was analysed using Kendall’s
tau test, T =0.807, p = 0.040 (Table 3.1), indicating strong consistency of responses to

parallel items (Personal Communication, Prof Camilleri, 19t September 2025).

Table 3.1: Parallel-item internal response consistency assessed using Kendall's tau test.

| do not believe that Al can support radiographers in assessing breast

positioning
Neutral Disagree Strongly disagree

| believe that Al can support Neutral 1 1

radiographers in assessing Agree

breast positioning Strongly agree 0 0

Symmetric Measures
Value Standard Error Approximate T P-value

Kendall's tau-b .807 169 2.058 0.040

3.3.7 Pilot Study

Before proceeding with the primary data collection, a pilot study was conducted to
assess the feasibility of the data collection process. The pilot study enabled the
researcher to pre-test the questionnaire and evaluate its clarity, layout, and respondent
engagement [66] [70]. It provided feedback on the ease or difficulty of completing the
qguestionnaire and to identify potential issues such as ambiguous wording, unclear
instructions, missing items, or questions that might be misunderstood or left
unanswered [70]. The pilot study was conducted with two lecturers from the
Department of Radiography at the University of Malta, who were not part of the main
study sample. Upon reviewing the feedback, only minor typographical amendments

were made to the questionnaire.

3.3.8 Data Analysis

All the quantitative data were inputted into the International Business Machines
Corporation-Statistical Package for the Social Sciences (IBM SPSS Statistics) Version
29.0.2.0. After consulting a university statistician, the most relevant statistical tests
were determined, and the data were analysed using descriptive and inferential

statistics.
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3.4 Deep Learning Model Selection and Evaluation

3.4.1 Dataset Description

3.4.1.1 Source Dataset

This research study utilises VinDr-Mammo, a large-scale, publicly available Vietnamese
dataset of full-field digital mammography (FFDM) mammograms. It is currently the
largest publicly available dataset in this domain, available to the research community
via PhysioNet [71], making it a valuable resource for developing and validating ML
models [72]. This dataset comprises 20,000 FFDM mammograms in Digital Imaging and
Communications in Medicine (DICOM) format corresponding to 5,000 examinations
(four standard views per exam), retrieved retrospectively and randomly from the PACS
of two primary hospitals in Vietnam: Hanoi Medical University Hospital and Hospital
108 [72]. This random sampling approach captured both screening and diagnostic
cases, providing a broad snapshot of routine clinical practice. Mammograms were
acquired on equipment from three different vendors: Planmed, IMS Giotto, and
Siemens [72]. All mammograms are accompanied by essential metadata such as patient
age, view orientation, and image laterality. The dataset curators removed all personally
identifiable information, using a Python script to scrub DICOM headers and blacking
out corner regions to redact burned-in text [72]. The curators then manually validated

both the DICOM metadata and images to ensure effective pseudo-anonymisation [72].

3.4.1.2 Data Access, Licensing and Download
VinDr-Mammo is hosted on PhysioNet under a credentialed Data Usage Agreement

(DUA). Access requires user authentication and acceptance of the repository’s terms.
The dataset (having approximately 337.8 GB of uncompressed data) was acquired
using the wget command-line utility, which facilitates non-interactive file downloads
over HTTP and HTTPS protocols. In this context, it enabled recursive downloading of
the dataset files, with support for resuming interrupted downloads and preventing
redundant re-downloads of existing files. The command used is:
wget -r -N -c -np https://physionet.org/files/vindr-mammo/1.0.0/
Given the substantial size of the dataset, careful consideration was given to storage

and computing resources when selecting the appropriate computing infrastructure.
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3.4.1.3 Subset Used

In this research study, the dataset comprised an annotated subset of VinDr-Mammo
corresponding to the expert-labelled cases released in the public GitHub repository
deep-breast positioning [73]. Images were matched by exact SOPInstanceUID between
the repository's positioning_labels.csv and the official VinDr-Mammo inventory,
retaining 2,000 MLO views. Ground truth comprised two complementary label spaces,
each provided by a board-certified breast radiologist (each with >5 years’ experience).
Radiologist 1 produced the geometric annotations, marking the nipple point N =
(xn, y) and the pectoral muscle as two endpoints: the lower endpoint PEC; = (x1,y1)
and the upper endpoint PEC, = (x,,y,). These continuous coordinates constitute the
landmark ground truth for regression tasks. Radiologist 2 independently provided the
qualitative image-level assessment, grading overall positioning quality as Good/Bad
under ACR criteria (tissue coverage, pectoral visibility/angle/length, nipple profile,

etc.), not restricted to PNL geometry [17].

Deterministic PNL rule

On MLO views, the pectoral muscle line (PML) is the straight line through PEC;and
PEC,. The PNL is the 90° line dropped from the nipple (N) to the PML. Following the
upstream deep-breast positioning protocol, AUTO classification labels (Good/Bad) were
derived deterministically from these radiologist-annotated landmarks. The PML was
extended to the image bounds, and a 90° perpendicular (PNL) was dropped from the
nipple. An image was labelled as “Good” if the perpendicular intersection lay within the
image bounds. Otherwise, it was classified as “Bad”. Examples of both outcomes are
provided in Appendix B. This deterministic geometric rule yields reproducible, rater-
independent labels that isolate the PNL criterion of positioning quality, distinct from

the broader ACR/PGMI criteria.

The PNL is a widely used positioning proxy referenced in both ACR-based QA
and in PGMI-style audits for the MLO view, but it captures only one positioning
criterion rather than the full construct. Accordingly, the derived AUTO labels served as

the ground-truth for training, validation and testing of the classification models.
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The dataset was partitioned 80%/10%/10% into training, validation, and test
sets to mirror the upstream deep-breast-positioning repository for like-for-like
comparability and reproducibility. Splits were stratified by the AUTO Good/Bad label
(from the deterministic PNL rule) and kept SOP-level disjoint to avoid leakage. Class
counts were: Training 961 Good (60.1%) and 639 Bad (39.9%), Validation 108 Good
(54.0%) and 92 Bad (46.0%) and Test 123 Good (61.5%) and 77 Bad (38.5%) [17]. The
class imbalance reflects both the underlying distribution of the upstream subset and
typical screening results. Maintaining this distribution preserves real-world prevalence,

avoids threshold bias, and better reflects deployment conditions.

3.4.2 Preprocessing Pipeline
Image preprocessing was based on the pipeline published in [17], adapted for the

present dataset under a controlled environment.

DICOM decoding and intensity normalisation

Each mammogram was decoded from its DICOM file using pydicom, with the VOI-LUT
(Value of Interest Look-Up Table) transformations applied first when available. Images
were then linearly rescaled using RescaleSlope and Rescalelntercept to recover linear
detector values. For images with Photometriclnterpretation=MONOCHROME]1,
intensities were inverted such that higher values corresponded to greater X-ray

attenuation. Intensities were then normalised to float32 within the range [0,1].

Foreground mask and crop (breast region extraction)

A working 8-bit image Is was obtained by linearly mapping the calibrated float image |
to [0,255]. A deterministic breast foreground M was computed by thresholding Is at its
global mean, followed by morphological opening with a disk structuring element of
radius 3px. The largest connected component in M defined the breast region of
interest; pixels outside this component were zeroed, and the image was cropped to its
tight bounding box. In practice, this removed burnt-in view labels (L-MLO and R-MLO)

that lie in the peripheral black margin, without relying on dataset-specific heuristics.

Geometry standardisation (pad — resize = renormalise)

To achieve uniform spatial geometry, cropped images of size (H., W) were padded to a

square before resizing to preserve aspect ratio. Padding was side-aware; L-MLO images
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were padded on the right, and R-MLO images were padded on the left to preserve
anatomical orientation. The padded images were then resized via bilinear interpolation
to 512 x 512 px, followed by re-normalisation to [0,1] to mitigate interpolation drift.

The resulting training tensor was therefore a single-channel 512 x 512 float32 array.

For reproducibility, the crop origin (x,, yo), pad widths (p, pg, pr, ps), and the
uniform scale s = 512/ max(H,., W,) were recorded. The forward geometric map from

original pixel coordinates (x, y) to the 512-frame (%, ) is

X =s(x—x0+pL), y=sy—yo+pr) (3.1)

Landmark definition, pectoral standardisation and PNL

As mentioned in Section 3.4.1.3, manual annotations defined the nipple as the centre
of its bounding box and the pectoral muscle as a straight line through two endpoints in
the original image. Since manual lines may terminate before the true boundary, the
PML segment PEC, PEC, was extended to the image bounds (10px margin) in original
coordinates before any geometric transform. This prevents perpendicular distances

from depending on where the annotator terminated the line.

The PNL was not delineated by the radiologists, but rather as specified in the
repository README file, was derived automatically as the segment from N to its
orthogonal projection F on the extended PML. With ¥ = (v,,v,) = (x; — x4, ¥, — ¥1),

£ = (n—x1)vx+ (J/n_yl)vy
17112 ’

F = PEC, + t#, (3.2)

Therefore, the PNL is the segment NF. The set {N, PEC, PEC,, F} was then mapped into
the 512 x 512 frame using the same crop = pad — resize transform as applied to pixels,

guaranteeing one-to-one correspondence between coordinates and the model input.

Output
Each image (SOPInstanceUID) was exported as a single-channel 512 x 512 float 32

NumPy tensor (*.npy). For exact reproducibility, a transformation record accompanied
every tensor and captured the full image geometry. A lean manifest exposed the fields

required by the training/evaluation code. Moreover, a consistency check re-derived
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the forward mapping from the recorded parameters, confirming a one-to-one
correspondence between tensor and native coordinates within numerical tolerance. All
artefacts were frozen (read-only) to prevent drift and permit exact reruns. For QA,
separate full-resolution overlays were rendered on the native DICOMSs, and a random
5% per split was visually checked to verify landmark plausibility, PML extension to

image bounds, correct PNL construction and preserved laterality.

3.4.3 Model Architectures for Landmark Regression

For each 512 x 512 mammogram, each DL model predicted six continuous coordinates
for three landmarks : PEC; (x4, V), PEC,( x5,y,) and N (x,, y,,). As described in Section
3.4.1.3, a downstream image-quality label was then derived post-hoc from these
regressed landmarks via the deterministic PNL rule. Throughout this work, the class
coding was fixed as Bad=0 and Good=1. Under this convention, Sensitivity (Bad)
corresponds to recall of the Bad class and Specificity (Good) corresponds to recall of

the Good class.

To ensure comparability with the published referenced study [17], four
baselines were replicated faithfully: U-Net, Attention U-Net, CoordAtt U-Net, and
ResNext-50. In addition, HRNet was introduced as a novel backbone to explore
whether maintaining high-resolution, multi-scale features improves landmark
localisation and the derived Good/Bad classification, enabling a direct like-for-like

comparison with [17] using an enhanced architecture.

3.4.4 Model Architectures for Classification
Each model outputs a single probability y = P (Good), which is converted to a binary

Good/Bad decision using either a fixed 0.5 threshold or a validation-tuned operating
point (described in Section 3.4.7.2). A replicated ResNeXt-50 served as the historical
baseline. For contemporary comparison, three additional backbones were evaluated
under the same data, labels and evaluation protocol: an Optuna-tuned ResNext-50,
ConvNeXt-Tiny and EfficientNet-B3. This configuration preserves continuity with prior

work while assessing whether modern architectures yield measurable gains.
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3.4.5 Data Analysis

3.4.5.1 Landmark Regression

Landmark localisation was assessed against manual reference annotations. Geometric
accuracy was quantified as the Euclidean landmark error in millimetres, computed by
converting 512 x 512-pixel offsets using the image-specific adjusted mm-per-pixel
values derived from the DICOM ImagerPixelSpacing tag during preprocessing.
Euclidean distance errors (mm) were reported for: (i) Perp (F): the foot of the PNL on
the PML (distance between predicted and reference F); (ii) PEC;: lower pectoral muscle
endpoint; (iii) PEC,: upper pectoral muscle endpoint; and (iv) N: nipple coordinates.
Angular error (degrees/°) was also reported, defined as the absolute difference
between the predicted and reference PMLs angles, normalised to [0°,90°]. For
interpretability, a single representative run (the seed whose vector of per-image mean
errors was closest to the cross-seed mean) is shown with per-image mean (u), standard

deviation (SD) (o), and median (¥) across the test set.

To relate geometry to clinical utility, the predicted landmarks were passed
through the deterministic PNL rule to yield a Good/Bad decision. The following metrics
were then computed from the resulting confusion matrix: Accuracy=(TP+TN)/N,
Sensitivity (Bad)=TP_Bad/(TP_Bad +FN_Bad), Specificity (Good)= TN_Good/(TN_Good
+ FP_Good), Precision (Bad)= TP_Bad/(TP_Bad + FP_Bad) and F1 (Bad)=2x (Precision x
Sensitivity)/(Precision + Sensitivity). Results are reported as mean +SD across the five

seeds {11,22,33,44,55}.

3.4.5.2 Classification

Evaluation used the saved per-image probabilities on the validation and test splits. On
the test set, threshold-free metrics were computed directly from the predicted
probabilities: ROC-AUC and class-wise PR-AUC (with Bad treated as the positive class
for PR-AUC_Bad). For decision-level reporting, two thresholded operating points were
used: (i) a fixed 0.5 threshold, and (ii) a validation-tuned threshold. The tuned threshold
was selected only on the Validation split by sweeping the unique predicted scores and
choosing the value that maximised macro-F1. The selected threshold was then applied
once to the test split. Reported thresholded metrics included accuracy, sensitivity

(Bad), specificity (Good), precision (Bad) and F1 (Bad), as defined in Section 3.4.7.1 and
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Macro-F1, where Macro-F1 = (Flgad + Flcood)/2. Results are reported as mean +SD

across the five seeds {11,22,33,44,55}.

3.5 Ethical Considerations

This research study involved two distinct data sources: (i) secondary analysis of a
publicly available medical imaging dataset and (ii) primary data collection through a self-

designed questionnaire administered to radiographers.

The VinDr-Mammo dataset was created in compliance with ethical guidelines
approved by the Institutional Review Board of Hanoi Medical University Hospital and
Hospital 108 [72]. All patient data within the dataset has been pseudonymised. As
outlined in the dataset descriptor by Nguyen et al. [72], accessing and downloading the
dataset requires acceptance of a DUA called PhysioNet Credentialed Health Data
License 1.5.0. This DUA stipulates that the dataset may only be used for educational
purposes and scientific research, prohibits any attempts to re-identify patients,
hospitals or institutions, and requires proper citation of the original publication in any
derivative works [72]. Access and processing were conducted under this DUA and in

accordance with its conditions.

Conversely, the distribution of the questionnaire required obtaining various
permissions. To minimise researcher bias, protect participants’ privacy and adhere to
ethical approvals obtained, permission was sought and obtained from a diagnostic
radiographer (Appendix C) who kindly agreed to forward an invitation email to eligible
radiographers on the researchers’ behalf. This email included the information sheet and
a link to the anonymous online questionnaire, hosted via Google Forms. The
participants’ information sheet explained the purpose of the study, emphasised the
voluntary nature of participation, and provided the contact details of both the
researcher and research supervisors in case of any questions or concerns. To ensure
anonymity, confidentiality and non-traceability, the questionnaire did not request any
personal data from the participants. The participants’ information sheet highlighted
that completion and submission of the questionnaire would constitute informed
consent. No incentives were offered for participation in this study. All collected data

was handled in strict confidence. The research supervisors and statistician had access
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to an Excel sheet containing the data. All data collected was stored in an encrypted

format in a password-protected folder on the researcher’s computer.

Approval to conduct this study was sought and granted by the relevant
authorised personnel at a local general public hospital in Malta (Appendix D) namely:
the Professional Lead of the MID, the Chairperson of the MID, the Data Protection
Officer, the Research Lead and the Chief Executive Officer. Once all the
aforementioned permissions were acquired, permission to conduct the research study
was sought and obtained from the Research Ethics Committee of the Faculty of
Information & Communication Technology at the University of Malta (ICT-2025-
00134) (Appendix E).

3.6 Strengths and Limitations
Strengths

e A notable strength of this methodology is its integrated design, combining
identification, training and evaluation of DL models together with a structured
guestionnaire that captures the perspectives of the intended end-users on the

use of Al for breast positioning and QA.

Limitations

e Analyses were restricted to MLO views and a single positioning criterion (the
PNL). Consequently, findings reflect PNL conformity only; the wider set of
positioning criteria recommended in QA frameworks such as the PGMI was not
assessed, nor were CC views or digital breast tomosynthesis.

e This questionnaire was conducted at a single public general hospital in Malta and
targeted a small, specialised professional cohort. The small sampling frame and
single-centre design limit statistical precision and external validity. With only
eight respondents, any proportion is resolved in 12.5% increments (1/8),
thereby widening confidence intervals and making estimates sensitive to any
one response.

e Reliance on predominantly closed-ended questionnaire items limited
respondents from providing detailed justifications for their answers, thereby

constraining interpretive depth and limiting explanations or thematic analysis.
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In the absence of a validated tool for assessing radiographers’ perceptions of Al
in breast positioning and QA in mammography, study-specific items were used.
Their psychometric properties within this population are not yet established,
which may constrain construct validity, reliability, and cross-study comparability.
Lack of access to locally sourced imaging data. No formal application for
institutional datasets was submitted due to time constraints and anticipated
ethical approval delays. Consequently, the study relied exclusively on the open-
source VinDr-Mammo dataset. This may not fully reflect local imaging protocols,
equipment specifications, or patient demographics, limiting the generalisability
of the findings. Moreover, even with local access, the timeline of this research
study would likely have permitted only a small local sample, limiting statistical
power and the robustness of subgroup or site-specific analyses.

The dataset was annotated in Vietnam by experienced radiologists following
internationally recognised ACR-endorsed criteria. However, because these
annotations were not cross-checked by radiologists practising in Malta, there
may be a potential label-practice mismatch in the deployment context.
Moreover, data augmentation was not performed in this study. Although
augmentation could improve model generalisability and robustness, certain
transformations, such as cropping or zooming, may alter the position or
appearance of clinically relevant structures. This would require re-annotation or
re-validation of the annotations on augmented images by radiologists, which was
not feasible within the study’s timeframe and available resources.

Although model performance was evaluated quantitatively, no interpretability or
clinical validation study was performed.

Although the selected NVIDIA RTX 4090 GPU offered sufficient computational
power for training DL models efficiently, the study did not assess computational
scalability, inference latency, or energy consumption [48]. These are all

important considerations for real-world deployment.

3.7 Conclusion

This chapter provided a discussion of the research methodology adopted in this

research study. The subsequent chapter will present the results obtained, together

with a critical analysis and discussion of these results.
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Chapter 4: Results of Component A-Quantitative Data
Collection

4.1 Introduction
This chapter presents the results obtained from the quantitative data collection

component and discusses them in relation to the published literature.

4.2 Demographics of Participants

As mentioned in Section 3.3.2, at the time of the study, nine radiographers were
working in the mammography unit at the local general public hospital in Malta. Of
these, eight completed the questionnaire, yielding a response rate of 88.9%. Given the
small, single-centre cohort (n=8), where each response has a weight of 12.5%,
estimates lack precision and are reported descriptively. Findings should be interpreted
cautiously and not generalised beyond this unit. The characteristics of the participants
are summarised in Table 4.1. Overall, the majority (n=5) were between 31 and 50 years
of age, representing a predominantly mid-career cohort. In terms of professional
experience, six participants (75%) had worked in mammography for more than ten
years. This distribution reflects a group with substantial professional expertise and
familiarity with mammographic practice. In terms of educational attainment, five
participants (62.5%) held a Bachelor's degree and three participants (37.5%) held a

Master’s degree as their highest qualification.

Table 4.1: Characteristics of the participants.

Number of participants

Total number of participants 8
21-30 years 2
Age group 31-40 years 2
41-50 years 3
51-60 years 1
E . . h 2-4 years 1
xperience in mammography 5.7 years 1
More than 10 years 6
5

Highest level of education in Graduate
radiography Masters 3
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4.3 Current Practice and Image Quality Assessment

Self-reported capability in core mammography quality tasks was consistently high
across the cohort. When reviewing mammograms post-acquisition, all eight
radiographers reported high confidence in assessing positioning adequacy, with six
describing themselves as “extremely confident” and two as “very confident.” As these
are self-reported ratings in a small sample (n=8), they reflect perceived rather than
observed competence. Nonetheless, this high confidence likely reflects the group’s

extensive professional experience, as 75% (n=6) had more than ten years of experience.

Positioning is widely recognised as the principal determinant of mammographic
image quality [10]. Consistently higher image quality scores have been associated with
higher cancer-detection rates and fewer interval cancers, underscoring the need for
ongoing, criterion-based image review by radiographers [10], [21]. Studies also show
that radiographer-related variability influences quality outcomes, with greater
experience and structured training associated with more consistent application of
image-quality criteria and higher proportions of images acceptable for clinical
interpretation [10]. In the UK, for example, radiographers must obtain a Certificate of
Competence in Mammography, commonly obtained through a one-year postgraduate
programme [10], whereas locally, no additional postgraduate qualification is required

to practise in mammography.

Familiarity with the PGMI grading framework in this cohort was also strong, with
six participants (75%) reporting that they were “extremely familiar” and two (25%) “very
familiar.” All participants confirmed prior participation in a formal PGMI audit, reflecting
a high level of procedural exposure and engagement with QA standards within the unit.
However, perceptions of PGMI reliability and consistency were more nuanced. Five
participants (62.5%) agreed or strongly agreed that the PGMI process is reliable and
produces consistent results, while three (37.5%) remained neutral. Notably, none
disagreed. In contrast, views on inter-reader variability were evenly divided between
“sometimes” and “often”. This apparent contradiction suggests that while the PGMI
grading system is well established within routine clinical audits and widely regarded as
a valuable QA tool, subjective inconsistencies in its applications are evident.

Comparable patterns are reported in the literature, as mentioned in Section 2.7.1.
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4.4 Radiographers’ Views on Al Decision Support for Breast Positioning
and the Current PGMI

The Friedman test was used to compare mean rating scores (Likert scale) between a number
of related statements. These mean rating scores ranged from 1 to 5, where 1 corresponded
to ‘strongly disagree’ and 5 corresponded to ‘strongly agree’. If the resultant p-value is >
0.05 level of significance, this indicates that the mean rating scores for the statements did
not vary significantly between clustered groups. Conversely, any p-value is < 0.05 indicated
that the mean rating scores provided to the statements varied significantly between the

groups. These findings are presented in Table 4.2-4.3.
4.4.1 Views on Al Decision Support for Breast Positioning

Table 4.2: Friedman Test for the radiographers’ attitudes to Al decision-support for
breast positioning.

Statements Mean Std. Dev.
| believe Al can support radiographers in assessing breast positioning 3.88 0.641
| would trust Al feedback on breast positioning as much as | trust 3.13 1.246
feedback from a senior colleague
| believe Al tools could help improve positioning consistency across staff 4.25 0.463
| would be comfortable receiving real-time Al feedback on breast 4,13 0.641

positioning while performing a mammogram

Al could reduce my reliance on second opinions for positioning 3.50 1.069
Relying on Al for positioning could lead to deskilling over time 3.13 0.991
| would feel comfortable using my clinical judgment to override Al-based 475 0.707

feedback when needed

X2(6) = 21.49, p = 0.001

The Friedman test showed statistical significance when comparing the mean ratings of the
statements regarding radiographers’ agreement or disagreement towards the usage of Al in
breast positioning. The p-value (0.001) was smaller than the 0.05 level of significance,

indicating that the participants’ mean rating scores vary significantly.

As seen in Table 4.2, the highest mean rating score provided by participants was for
the statement ‘I would feel comfortable using my clinical judgment to override Al-based
feedback when needed’ (4.75), indicating strong endorsement of human-in-the-loop
autonomy. This self-reported confidence should be interpreted cautiously and should not

be taken to mean overrides will reliably occur in practice. It is well-documented that, once
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embedded in routine workflows, Al-based decision support can elicit automation bias,
especially under time pressure, high workload, limited experience or when alerts feel
authoritative [62], [74]. In this context, the high score likely reflects a normative stance;
radiographers believe they should retain authority, rather than a guarantee of behaviour at
the console. Mitigations are therefore essential: transparent error characteristics and
confidence cues, low-noise/high-value alerts, interface designs that encourage independent
first judgments, and local audit of override/accept rates with scenario-based training to
recalibrate trust [19]. Without these safeguards, stated willingness to override can give way

to automation bias and, over time, potential deskilling.

Similarly, the statement ‘I believe Al tools could help improve positioning consistency
across staff’ received a high mean rating score (4.25), indicating substantive agreement that
Al could reduce inter-rater variability by enforcing the same positioning criteria and flagging
the same faults consistently. In practice, a well-validated system can provide criterion-linked
prompts that are applied uniformly, independent of operator, shift, or workload. That said,
more consistent is not synonymous with more correct. The benefit materialises only if the

model is well trained, calibrated and periodically re-evaluated on local data.

The strong endorsement of ‘| would be comfortable receiving real-time Al feedback
on breast positioning while performing a mammogram’ (4.13) points to openness to the
point-of-care guidance. However, translation into practice hinges on human-factors details:
feedback must be accurate, concise and timely to avoid alert fatigue or workflow disruption
[74]. A staged rollout, local performance auditing (false-positive/false-negative rates,
override/accept patterns), and periodic calibration sessions will be necessary to ensure that

real-time assistance elevates quality without introducing distraction or over-reliance.

The lowest mean rating score, 3.13, was given to the following two statements: ‘I
would trust Al feedback on breast positioning as much as | trust feedback from a senior
colleague” and “Relying on Al for positioning could lead to deskilling over time.” These
statements indicate cautious, near-neutrality agreement rather than endorsement. The
score is consistent with a tentative, conditional stance. Trust would be expected to
grow only after the system shows local, prospectively audited performance, clear error

behaviour, and transparent integration into a workflow that preserves human
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oversight. The identical mean rating score for the deskilling item implies a recognised
but not dominant concern. Participants acknowledge the possibility that routine
dependence on automated feedback might erode practical skills, yet the mid-scale

value suggests that this risk is viewed as manageable if safeguards are in place.

4.4.2 Views on the PGMI Image-Quality Review and the Role of Al

Table 4.3: Friedman Test for the Perceptions of the PGMI image-quality review process
and the potential role of Al.

Statements Mean Std. Dev.
Grading images using the PGMI grading system is time-consuming 3.75 1.165
PGMI grading is subjective and may vary between reviewers 4.25 0.707
The current annual PGMI audit process is sufficient for maintaining 2.88 1.246

consistent image quality standards
Al could take over the role of one reviewer in the PGMI audit process, 4.25 0.707
provided it demonstrates comparable accuracy to human grading

X%(3) = 6.684, p = 0.083

The Friedman test result was not statistically significant; the p-value is 0.083 >
0.05, indicating no meaningful differences in agreement or disagreement levels across
statements. This suggests that radiographers generally share a consistent perspective.
While acknowledging the value of PGMI audits, they recognise their key limitations

and are open to Al support, if appropriately validated.

As shown in Table 4.3, radiographers expressed the highest agreement with the
statements “PGMI grading is subjective and may vary between reviewers” and “Al
could take over the role of one reviewer in the PGMI audit process, provided it
demonstrates comparable accuracy to human grading”, both receiving a mean score of
4.25. This reflects a strong consensus that subjectivity is a key limitation of current
manual audits, and that Al has the potential to support QA if it achieves parity with
human reviewers. The next highest score, 3.75, was assigned to the statement “Grading
images using the PGMI grading system is time-consuming”, suggesting moderate
agreement on the labour-intensive nature of the process. Conversely, the statement

“The current annual PGMI audit process is sufficient for maintaining consistent image
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quality standard” received the lowest mean score of 2.88, indicating a general lack of

confidence in the current system’s adequacy.

These findings align with broader concerns documented in the literature.
Manual PGMI review is widely acknowledged as subjective, labour-intensive and time-
consuming [75]. Given the importance of accurate positioning for mammographic
cancer detection, the high volume of mammograms which are performed each year,
and the inefficiencies in existing QA workflows, improving the identification of
suboptimal positioning is vital [20]. In routine practice, only a limited, retrospective
sample of each radiographer’s images is audited, constraining both the scope and
timeliness of feedback [5]. Inter-rater variability further undermines reliability and can
erode perceptions of fairness [5]. Introducing automation into the audit process may
alleviate some of these limitations, reducing the burden on human reviewers and

enabling a more comprehensive and representative assessment of image quality [5].

By providing immediate feedback on each mammogram, an Al system can help
radiographers, especially those early in their careers, learn from mistakes in real time.
Instead of waiting for a periodic audit, they can know right after the exposure if, say,
the positioning was suboptimal. Sexauer et al. [76] describe exactly such a scenario in
a Swiss hospital. They implemented a real-time Al feedback tool (the “b-box” system)
and observed substantial improvements in image quality over time. Within 50 days, the
percentage of mammograms rated “Perfect” by PGMI criteria increased from 22.34%
to 32.27% and “Inadequate” images decreased from 13.31% to 5.41% [76]. With
continued Al monitoring and feedback, inadequate images kept declining to just 3.2%
by the next year [76]. These are significant improvements in quality, attributed to the
combination of Al detection and the radiographers’ corrective actions. This suggests

that far from deskilling, such targeted Al feedback can upskill radiographers.

4.5 Concerns about Using Al for Breast Positioning and PGMI Grading

As seen in Table 4.4, the most frequently reported concern amongst radiographers
working in mammography (n=7) was over-reliance on Al, followed by accountability
(n=6) and reduced professional autonomy (n=5). A smaller proportion expressed

concerns about insufficient training (n=3) and limited trust in Al systems (n=2).
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Table 4.4: Radiographers’ responses to the question ‘What concerns, if any, would you
have about using Al for breast positioning and/or PGMI grading?’

Frequency Percentage

Over-reliance on Al 7 87.5%
Reduced professional autonomy 5 62.5%
Limited trust in Al systems 2 25.0%
Lack of adequate training or support to use Al tools confidently 3 37.5%
Concerns about accountability or responsibility 6 75.0%
Others 2 25.0%

Concerns related to over-reliance and loss of professional autonomy are well
supported in the literature. Chen et al. [8] explored awareness, knowledge and attitudes
towards Al amongst radiologists and radiographers working in National Health Service
breast screening units. While radiologists generally viewed Al as an opportunity to
offload repetitive tasks and focus on complex cases, radiographers were more anxious
about the potential erosion of their practical role and the risk of deskilling. One
radiographer commented that “skills can start faltering” if too much reliance is placed
on Al. Similar anxieties were reported by Akudjedu et al. [6], who noted that
radiographers felt their roles risk being reduced to “button pushing” if Al decision-
making becomes dominant. Some studies also report worries that Al may reduce
radiographers’ decision-making autonomy and threaten jobs [77], [78], [79]. At the
same time, other evidence points to anticipated role development, such as Al oversight
or validation, suggesting potential upskilling and role evolution rather than replacement
[80]. This trajectory is consistent with radiography’s history as an evolving profession
that adapts to technological change [80]. Accountability was the second most common
concern. Current regulatory direction endorses a human-in-the-loop approach in which

Al functions as decision support and clinicians retain final responsibility [62].

By contrast, trust in Al systems appeared to be a less prominent concern in this
group, cited by only two participants. This contrasts with studies reporting more
widespread distrust or scepticism when algorithms are opaque or poorly explained [62],
[77]. For example, trust was often limited when radiographers lacked insight into how
Al systems functioned or how decisions were reached [4]. Nevertheless, trust in Al is

conditional rather than fixed. Explainability, transparency, the ability to override Al
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outputs, validated performance evidence and formal training have all been shown to

enhance trust significantly [6].

4.6 Factors Increasing Confidence and Uptake of Al Tools

Table 4.5: Radiographers’ responses to the question ‘Which of the following increases
confidence in using Al tools in your daily practice?’

Frequency Percentage

Clinical evidence of accuracy and reliability 4 50.0%
Transparency in how Al decisions are made 3 37.5%
Seamless integration into existing workflows 6 75.0%
Hands-on training or workshops 5 62.5%
Clinical guidelines recommending its use 1 12.5%
Endorsement by consultants or hospital leadership 1 12.5%
Ability to override Al suggestions 4 50.0%

As seen in Table 4.5, confidence was most frequently linked to seamless integration
into existing workflows (n=6) and hands-on training (n=5), with additional emphasis on
clinical evidence of accuracy/reliability (n=4), the ability to override Al suggestions
(n=4), and transparency (n=3). Guidelines and leadership endorsement were rarely
selected (each n=1). This pattern indicates a practice-first orientation. Radiographers’
confidence increases when Al is embedded in routine systems, easy to use, supported
by training, backed by clear performance evidence, and when human judgment remains
in control via an explicit override option. By contrast, top-down levers appear
necessary but insufficient without these proximal enablers, suggesting that confidence
is driven less by formal endorsement and more by hands-on competence and tool
usability. Overall, the results and literature converge on a pragmatic adoption: achieve
seamless integration into existing workflows, train users, present local performance
evidence, and preserve a clinician-override option, with guideline and leadership

support positioned as supportive rather than primary drivers of confidence.

4.7 Conclusion

This chapter dealt with the presentation, discussion and analysis of the data collected
from the questionnaire. The next chapter details the experimental setup and findings
from the DL component, including model selection, training, and evaluation

procedures.
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Chapter 5: Experimental Setup and Results of the Deep
Learning Model

5. 1 Introduction

This chapter outlines the experimental setup and presents the main findings of the DL

models evaluated.

5.2 Deep Learning Algorithm Setup

5.2.1 Development Environment

All experiments were executed in a Conda environment named codecanvas (prefix
/workspace/codecanvas), running Python 3.10.18. The DL stack comprised PyTorch
2.5.1+cul121 and torchvision 0.20.1+cul21, aligned with CUDA 12.1 for GPU
acceleration. Supporting libraries included NumPy 2.2.6, SciPy 1.15.3, pandas 2.3.2,
and scikit-learn 1.7.2. All libraries were pinned in a requirements.txt file and version-

controlled to ensure reproducibility across environments.

5.2.2 Computing Environment and Tooling

The researcher’s local computing environment lacked the necessary hardware
specifications to support high-performance DL workflows, particularly in terms of GPU
acceleration, memory capacity, and storage scalability. To overcome these limitations,
all computational experiments were conducted using a cloud-based GPU instance
provisioned through a cloud computing platform that provides on-demand, GPU-

powered virtual machines (referred to as “pods”) tailored for Al and ML workloads [49].

The selected pod instance was configured with an NVIDIA RTX 4090 GPU, 8
virtual CPUs, and 41 GB of system RAM, running Ubuntu 22.04 LTS. The RTX 4090
was selected due to its high VRAM (24 GB), large number of CUDA cores, and Tensor
core support, making it especially effective for accelerating training and inference of
CNNs on high-resolution mammographic images. Storage comprised a 20 GB system

disk and a 500 GB persistent volume for datasets and model checkpoints.

Remote development was performed using the Cursor Integrated Development

Environment (IDE), an Al-augmented development environment derived from Visual
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Studio Code (VSCode), connected to the RunPod instance via a secure, public-key-
authenticated SSH connection. This setup enabled in-place file editing, integrated
terminals, interactive debugging, and secure port forwarding. All computation was
executed on the remote GPU environment, while the researcher’s macOS workstation

served as the user interface.

5.2.3 Model Architectures for Landmark Regression

For each 512 x 512 pixels mammogram, each DL model predicted six continuous
coordinates: PEC1 (xy,y;), PEC2 (x,,y,) and N (x,, y,). A downstream image-quality
label is then derived post-hoc from these regressed landmarks via the PNL rule: if the
perpendicular from the nipple to the predicted PML intersects within image bounds,
the image is considered “Good”; otherwise, “Bad”. In this work, the class coding is fixed
as Bad = 0 and Good = 1. Under this convention, Sensitivity (Bad) corresponds to recall

for the Bad class and Specificity (Good) corresponds to recall for the Good class.

5.2.3.1 Loss Function: Wing Loss for Coordinate Regression
All models optimise Wing loss for 2D landmark errors. For an errore =y — y,

wlin(l + |e| /e) el < w,

lel —w+w In(1+ w/e), otherwise. 51)

Lwing(e) = {
where w > 0 sets the width of the non-linear region and € > 0 controls its curvature.

The loss is log-like for small errors, encouraging precise refinements without
over-penalising tiny deviations and linear for large errors, limiting the influence of
outliers. In this research study, the loss is computed for each coordinate (x, y) of each
landmark, averaged within a landmark to give per-landmark terms for PEC1, PEC2 and

N, and then combined as:

L = a Ly, (PEC1) + ﬁm (PEC2) + VTing (N), (5.2)
with @ = B = y =1.0 and fixed hyperparameters w = 3.0 and € = 1.5.

5.2.3.2 Replicated Baseline Architectures
To ensure comparability with the published study, four baselines were implemented as

faithful replicas of the article’s GitHub repository: U-Net, Attention U-Net, CoordAtt
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U-Net, and ResNeXt-50. Each model operated on single-channel mammograms and
replaced the segmentation head with a lightweight regression head outputting six
landmark coordinates.

1. U-Net: serves as the canonical encoder-decoder baseline for biomedical
imaging, providing strong inductive biases for structured prediction through skip
connections that preserve fine-grained spatial detail [40]. Its symmetry and
multiscale fusion make it particularly well-suited to tasks requiring pixel-level
precision, such as pectoral boundary and nipple localisation.

2. Attention U-Net: augments the U-Net backbone by integrating attention gates
on the skip paths to suppress irrelevant background and emphasise salient
anatomy before encoder-decoder fusion [40]. This is particularly advantageous
in mammography, where low contrast tissue and variable breast density can
obscure landmarks.

3. CoordAtt-U-Net: integrates coordinate-aware attention, which embeds explicit
(x,y) positional cues into the attention maps, improving spatial precision and
orientation sensitivity along boundaries such as the pectoral muscle [17].

4. ResNeXt-50: deep residual backbone using grouped convolutions (split-
transform-merge) to increase feature diversity at a comparable parameter

budget, providing a strong texture encoder for mammography [46].

All four replicas were trained under a common, article-consistent regimen: Adam
optimiser (learning_rate of 1 x 107%, weight decay 0.0) with a per-batch CylicLR
scheduler (base_Ir 1 x 10™%>, max_Ir 5 x 10~*, step_size_down 50); batch size 8;
random initialisation. To control stochastic variation and support reproducibility, each
experiment was repeated across five independent random seeds {11,22,33,44,55}. U-
Net, Attention U-Net, and CoordAtt-U-Net ran for 300 epochs per seed; ResNeXt-50
ran for 150 epochs. For each seed, the checkpoint with the lowest validation loss was
retained for test evaluation. This configuration ensured methodological consistency

and enabled direct performance comparison.

The U-Net, Attention U-Net, CoordAtt-U-Net, and ResNeXt-50 baselines were
trained from scratch on single-channel mammograms, mirroring the article’s released

code path. Moreover, it avoids potential RGB-to-greyscale mismatch when importing
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ImageNet weights. Replicating channels or collapsing the first convolution alters early-
layer filter statistics. Evidence in the literature shows that the benefits of such cross-
domain transfer are mixed when the source (natural RGB) and target (radiographic

greyscale) distributions differ substantially in texture and intensity distributions [81].

5.2.3.3 Novel Architecture

Building upon these baselines, HRNet was introduced as a novel architecture. HRNet
maintains multiple resolution branches in parallel and fuses them repeatedly, enabling
simultaneous access to detailed spatial features and semantically rich context [46].
Unlike conventional encoder-decoder architectures that reconstruct high-resolution
features after aggressive downsampling, HRNet preserves high-resolution
respresentations end-to-end, a design known to improve performance in position-
sensitive vision tasks such as landmark detection, semantic segmentation, and pose
estimation [46]. This makes it particularly suitable for mammographic landmark
regression, where subtle gradients and elongated structures like the pectoral boundary

demand high spatial precision [46].

An HRNet-W18 backbone (from timm, ImageNet-initialised) was used for
landmark regression. Single-channel 512 x 512 inputs were projected to three channels
via a 1x1 convolution to preserve compatibility with pretrained weights. The fused
HRNet features fed a lightweight head (1x1 conv, 128 channels— RelLu— adaptive
average pooling to 16x16—flatten—linear) predicting six coordinates.
Hyperparameters were selected in two stages. First, 30-epoch screening sweeps were
run on fixed train/validation/test partitions with seeds {11, 22, 33}. The factors ablated
were: backbone (HRNet-W18 vs HRNet-W18-Small-v2), initialisation (ImageNet-
pretrained vs random), head width (64 vs 128), optimiser (AdamW vs Adam) and LR
scheduler (cosine vs cyclic/triangular). LR ranges covered base_Ir=1 x 107>, with
initial_Ir € {1 x 1074, 2 x 107*} and, for cyclic schedules, max_Ir € {3 x 1074, 5 x 1074};
weight decay € {0, 1 x 1073, 5 x 1073}. Wing loss was used for keypoint regression
(w € {3, 5}, € € {1.0, 1.5, 2.0}), and landmark weights were explored (a,3,y) €
{(1.0,1.0,1.0), (1.2,1.0,1.0), (1.5,1.5,1.0)}. Batch sizes were 4 (W18) and 8 (W18-Small-

v2). The best checkpoint in each run was selected by minimum validation loss. Metrics
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on the held-out Test set (per-landmark errors in millimetres and pectoral angle in

degrees) were computed for reporting only.

In the second stage, the three best-performing configurations were refit for 300
epochs with seeds {11,22,33,44,55}. The winner was chosen across configurations by
the lowest cross-seed mean perpendicular error on the held-out Test set, with pectoral
angle used as a tiebreaker; within each run, the checkpoint remained selected by
minimum validation loss. This criterion is appropriate because the mean perpendicular
error directly gives the deterministic PNL quality label: reducing the nipple-to-PML
perpendicular error most reliably improves the Good/Bad decision, while the pectoral
angle tie-breaker safeguards correct PML orientation when distances are similar. The
chosen configuration was HRNet-W18 (pretrained) with a 128-channel head, AdamW
(weight decay 0) and a cosine LR schedule, with results presented as mean +SD across

the five seeds. Further ablation details are provided in Appendix F, Figures F.1- F.4.

5.2.4 Classification Models
Each model outputs a single probability y = P (Good), which is converted to a binary
Good/Bad decision using either a fixed 0.5 threshold or a validation-tuned operating

point (described in Section 3.4.7.2).

5.2.4.1 Replicated Baseline Architectures

A ResNeXt-50 baseline was re-implemented as a faithful replica of the published
repository. This configuration used 30 training epochs, batch size=8, Adam with
CyclicLR (base_Ir=1 x 10~°, max_Ir=5 x 1074, step_size_down=10). This model served
as the historical benchmark against which the tuned variants were compared. The

experiment was repeated under five independent random seeds {11,22,33,44,55}.

5.2.4.2 Novel Architectures
For novelty, three convolutional backbones were selected to balance architectural

diversity, representational capacity, and computational efficiency. All were initialised
from ImageNet-pretrained weights and received mammograms projected to three
channels via a 1-x1 convolution for compatibility.

1. ResNeXt-50: A deep residual backbone employing grouped convolutions to

achieve parameter-efficient representation learning via split-transform-merge
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operations [46]. It was included both as a replica baseline and as a re-tuned
variant for fair comparison.

2. ConvNeXt-Tiny: a hierarchical CNN integrating inverted bottlenecks and depth-
wise convolution, chosen for its balance between transformer-level accuracy
and CNN-level efficiency [82]. It was included for its strong inductive bias for
local spatial coherence, where, in this case, subtle texture and gradient variations
near the pectoral boundary determine positioning quality.

3. EfficientNet-B3 introduced a benchmark compound scaling of depth, width and
resolution combined with squeeze-and-excitation [35]. Its activation and
normalisation design facilitates convergence at moderate computational cost

[35]. The B3 variant balances capacity and overfitting risk given the dataset size.

5.2.4.3 Hyperparameter Optimisation (Optuna)

Optuna Search (ResNeXt-50, ConvNeXt-Tiny, EfficientNet-B3): Systematic
hyperparameter optimisation was conducted using Optuna using a TPE sampler and a
MedianPruner, with the validation PR-AUC for the Bad class as the scalar objective.
The pruner warm-up was 5 epochs. After warm-up trials were pruned when their
intermediate PR-AUC fell below the current median of completed trials. This strategy
accelerates optimisation and minimises computational waste while maintaining
comprehensive exploratory coverage of the search space. Each study ran 30 trials, with
metrics reported up to epoch 20 on completed trials. Architectures and the
optimisation scheme (Adam with a CyclicLR scheduler) were fixed; the search varied
LR (log-uniform), weight decay (log-uniform), batch size € {8, 12, 16}, label smoothing
€ [0,0.1], and the CyclicLR band (log-uniform base_Ir, log-uniform max_Ir, and integer
step_size_down € [5,15]). For the ResNeXt-50 and ConvNeXt-Tiny architectures, the

space additionally toggled class weighting and focal loss.

The resulting best configurations are reported here. ResNeXt-50 reached PR-
AUC_Bad = 0.8479 with class weights enabled, label_smoothing = 0.0845, no focal
loss, batch size 8, Ir = 5.94 x 107%, weight_decay = 1.17 x 10~7 and a CyclicLR band
(base_Ir = 1.21 x 107°, max_Ir = 6.60 x 1074, step_size_down=10). ConvNeXt-Tiny
achieved PR-AUC_Bad = 0.9198 with class weights on, no focal loss, label_smoothing
= 0.0583, weight_decay = 6.15 x 1078, and a CyclicLR band (base_Ir = 2.28 x 107¢,
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max_Ir = 6.58 x 107*, step_size_down=8). EfficientNet-B3 obtained PR-
AUC_Bad=0.9247 with Ir = 6.62 x 10~*, weight_decay = 1.01 x 107°, batch_size = 12,
label_smoothing = 0.0905, and a CylicLR band (base_Ir =2.94 x 107>, max_Ir =
6.81 x 1074, step_size_down = 10. A fixed random seed was used for the tuner to limit
stochastic variability during the search. The best hyperparameter set per backbone was
then refit from scratch across five independent seeds {11,22,33,44,55}, and results
were reported as mean +SD on the test set. Full Optuna results are in Appendix G,
where Figures G.1-G.6 show the optimisation history and best-epoch curves for each

backbone, and Tables G.1-G.3 list the best hyperparameters for the 5-seed refit.

5.2.4.4 Training Protocol and Reproducibility

All experiments were replicated across five independent random seeds to control and
quantify stochastic variation (initialisation, shuffling, sampling) and enhance
reproducibility. Seeds were executed sequentially using a lightweight shell script
(run_queue.sh) within a persistent tmux session to safeguard long-running jobs against
IDE or SSH disconnections and to maintain strict one-GPU serialisation. Dataset splits
were defined at the SOPInstanceUID level, ensuring that no individual image appeared
in more than one subset. This prevents data leakage between training and evaluation
phases. Prior to training, the integrity of the splits was validated programmatically by

checking for UID overlaps and duplicate file paths (see Figure H.1 in Appendix H).

To prevent version drift, the upstream implementation used for verification was
pinned to Git commit 28b12424eb6ecb6eb6cb62f141e3cc32b371f80d70eé6 of the
tanyelai/deep-breast-positioning repository. All references to the authors’ code and all
cross-checks in this work correspond to that immutable snapshot. The working project
repository is the private GitHub repository franxue/deep-breast-positioning, which
contains the core code and configuration files used for the experiments reported in this

study.
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5.3 Results

5.3.1 Landmark Regression Results

5.3.1.1 Cross-Seed Summary

Across all evaluated architectures, the relative ranking of landmark localisation
accuracy on the test set was stable across the five random seeds {11,22,33,44,55} and
across all endpoints. Vanilla U-Net consistently produced the largest error; Attention
U-Net narrowed the gap; CoordAtt U-Net emerged as the strongest replica baseline,
and the novel HRNet achieved the lowest errors on every endpoint. This pattern is
evident in the cross-seed summary of landmark errors (mean +SD over five seeds) in
Table 5.1 and is mirrored by the model-wise cross-seed bar charts provided in
Appendix |, Figures 1.1-1.5. Relative to CoordAtt U-Net, HRNet reduces the error by
0.83mm (16.7%) for the perpendicular distance (Perp; 4.98—4.15mm), 0.90mm
(13.7%) at Pecl (6.57—5.67mm), 0.59mm (10.5%) at Pec2 (5.60—>5.01mm), 0.93mm
(33.7%) at the nipple (2.76—1.83mm), and 0.28° (11.6%) for the angular endpoint
(2.42°—>2.14°). Against vanilla U-Net, the absolute reductions are larger, for example,
Perp is reduced by 5.94mm (10.09—4.15mm) and Nipple by 4.93mm (6.76—1.83mm),
but the CoordAtt comparison is the most informative like-for-like baseline. The cross-
seed summaries quantify central tendency and run-to-run dispersion. Stability across
seeds is reflected in the SD and is substantially tighter for HRNet than for the baselines.
For example, the nipple coefficient of variation is ~4.4% for HRNet (0.08/1.83) versus
~6.2% for CoordAtt U-Net (0.17/2.76) and =~17.6% for U-Net (1.19/6.76), with similar

gaps for the other endpoints, consistent with greater training stability for HRNet.

Table 5.1: Cross-seed test landmark errors reported as mean +SD across five random
seeds (sample SD; ddof=1).

Model Perpendicular Pecl Pec2 Nipple Angular
(mm) (mm) (mm) (mm) ()
U-Net 10.09 +£0.53 14.67 +£0.29 | 9.16 £042 | 6.76 +1.19 | 3.76 +0.08
Attention U-Net 5.62 £0.10 7.68 £0.15 | 6.15+0.26 | 3.07 £0.14 | 2.64 +£0.08
CoordAtt U-Net 4.98 £0.07 6.57 £0.23 | 5.60 +0.17 | 2.76 £0.17 | 2.42 +£0.12
ResNeXt-50 6.06 £0.74 7.824+087 | 6.41+0.61 | 3.72+1.12 | 2.59 £0.25
HRNet 4.15 +£0.07 5.67 £0.14 | 5.01+0.11 | 1.83 +£0.08 | 2.14 +0.06
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5.3.1.2 Representative-Seed Comparisons and Boxplots

To enable inferential comparison without pseudo-replication, a single representative
seed was pre-specified per model as the run whose vector of mean landmark errors
was closest, in terms of Euclidean distance, to that model’s five-seed mean vector;
numerical examples therefore reflect typical rather than extreme behaviour (Table 5.2).
Using those representative seeds (HRNet seed 22; CoordAtt U-Net seed 22), mean
errors (mm/°) were, respectively, 4.11 vs 4.91 for Perp, 5.71 vs 6.36 for Pecl, 5.04 vs
5.56 for Pec2, 1.75 vs 2.79 at the nipple, and 2.12° vs 2.30° for the pectoral angle
(Table 5.2). The largest absolute gain occurred at the nipple (=1.0 mm; ~34% relative),
followed by Perp (=~0.8mm; ~16-17% relative). Improvements for Pec1 and Pec2 were
smaller in magnitude but directionally consistent, and angular error decreased
modestly. The five-seed summaries (Table 5.1) mirror this ordering and show tight
dispersion for HRNet, supporting the interpretation that the advantage is reliable

rather than run-specific.

Table 5.2: Test-set landmark localisation errors for the representative seed of each
model (the run whose mean-error vector is closest to that model’s five-seed mean).

Model Perp Pecl Pec2 Nipple Angular
U o [ X 1! o X U o X U o X
U-Net 9.84 | 7.73 | 8.42 | 14.65 | 14.44 | 10.06 | 9.03 | 8.21 | 6.55 | 6.56 5.48 | 4.78 | 3.66 | 3.38 | 2.49
seed 55
Attention |5.53 |5.39 | 408 |7.71 |883 |505 |6.215.52 |4.49 |3.05 295|229 |2.69 | 251 |1.90
U-Net
seed 44
CoordAtt U- | 491 | 4.86 | 3.57 | 6.36 7.78 | 3.90 5.56 | 5.31 | 4.05 | 2.79 2.79 | 2.21 | 2.30 | 2.38 | 1.55
Net
seed 22
ResNeXt-50 | 5.88 | 5.12 | 4.47 | 8.04 7.89 |5.78 6.55 | 5.28 | 5.26 | 3.29 3.17 | 2.57 | 2.92 | 2.34 | 2.40
Seed 44
HRNet 411 | 395|274 | 5.71 7.27 3.33 5.04 | 5.07 | 3.38 | 1.75 145 (150|212 | 2.28 | 1.44
Seed 22

=
=

The paired boxplots (Figure 5.1: Per-image landmark-error distributions on the
same 200 test images) place the representative HRNet (seed 22) beside the
representative CoordAtt U-Net (seed 22), re-using the same 200 test images in both
panels and identical axes. Each box shows the quartiles with the median line, and
whiskers extend to 1.5 x the interquartile range (IQR); outlier markers are suppressed
to emphasise the bulk behaviour. In these plots, HRNet exhibits narrower boxes and a
lower median at the nipple and for Perp, with smaller, directionally consistent shifts for

Pecl1 and Pec2 and substantial overlap for the angular error. Since the panels share the
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same x-labels and y-axis units, differences in location and spread reflect model
behaviour rather than the plotting scale. Per-model boxplots with outliers are provided

in Appendix J, Figures J.1-]).5, and corresponding outlier fractions are tabulated in

HRNet (seed 22) — Per-image error distributions CoordAtt U-Net (seed 22) — Per-image error distributions
(n = 200 images) (n = 200 images)

[ T iTT
EE++-£-£%44:I:£

Perp (mm) Pecl (mm) Pec2 (mm) Nipple (mm) Angular (°) Perp (mm) Pecl (mm) Pec2 (mm) Nipple (mm) Angular (

Figure 5.1: Per-image landmark-error distributions on the same 200 test images
(paired comparison). Left: HRNet (seed 22). Right: CoordAtt U-Net (seed 22).

5.3.1.3 Statistical Testing

To confirm that apparent improvements are not artefacts of means alone, paired
Wilcoxon signed-rank tests were applied to per-image differences between HRNet
(seed 22) and CoordAtt U-Net (seed 22) on the same 200 test images, with Holm
correction across the five endpoints (Perp, Pecl, Pec2, Nipple, Angular). Full test
statistics are reported in Appendix J, Table J.2. The effect size r was derived from the
normal approximation to the Wilcoxon statistic r = z/v/N, where N is the number of
non-zero pairs. Perp and Nipple remained statistically significant after Holm correction
(Perp: W = 7289, p_adj = 0.0030, r = -0.238; nipple: W = 3025, p_adj ~ 5.10 x 10717,
r = -0.606). Reductions at Pec1 (p_adj = 0.052) and Pec2 (p_adj = 0.075) did not reach
the adjusted 0.05 threshold, and the angular difference was not significant (p = 0.176).
The negative r indicates lower error for HRNet given the difference convention. These
findings agree with the descriptive results and highlight that the most clinically
consequential components of the geometry, the nipple position and the perpendicular
distance, show both statistically and practically meaningful reductions with the novel

architecture (HRNet).
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5.3.1.4 Downstream Quality Classification (from Landmarks)

A downstream image-quality label is derived post-hoc from these regressed landmarks
via the PNL rule. Table 5.1 shows that the ranking observed for localisation propagates
through to the downstream categorical decision. As shown in Table 5.3, HRNet attains
94.20 +1.04% accuracy with Bad-class sensitivity 95.07 +1.08%, Good-class
specificity 93.66 +1.45%, Bad-class precision 90.40 +2.02%, and Bad-class F1 92.67
+1.27%. Relative to the strongest U-Net baseline (CoordAtt U-Net at 92.40 +1.29%
accuracy), HRNet gains +1.80 percentage points (pp) in accuracy, +1.56 pp in Bad-class
sensitivity, +1.95 pp in Good-class specificity, and +2.22 pp in Bad-class F1, while also
exhibiting smaller between-seed SDs. Attention U-Net improves markedly over the
vanilla U-Net (accuracy 89.00 +2.09% vs 70.50 +1.58%; Bad-class F1 85.65+2.59%
vs 59.73 +4.16%), indicating that attention mechanisms help transfer geometric signal
from the regression stage to the categorical decision. ResNeXt-50 performs in between
(accuracy 83.60+4.32%; Bad-class F1 78.36 +7.19%) with higher dispersion across
seeds, consistent with its weaker pixel-accurate regression and lack of a decoder

tailored for spatial detail.

Table 5.3: Landmark-regression models on TEST with post-hoc Good/Bad via the PNL
rule (mean * SD over five seeds).

Model Accuracy (%) Sensitivity Specificity Precision F1 (Bad, %)
(Bad, %) (Good, %) (Bad, %)

U-Net 70.50 +£1.58 57.40 +8.73 | 78.70 +4.50 62.95 +2.60 59.73 +4.16

Attention 89.00 +2.09 85.19 +3.85 91.38 +3.18 86.29 +4.28 85.65 +2.59
U-Net

CoordAtt | 92.40 +1.29 93.51 +4.40 |91.7143.12 87.82 +£3.72 90.45 +1.61
U-Net

ResNeXt-50 | 83.60 +4.32 78.96 +13.32 | 86.51 +6.49 79.49 +7.28 78.36 +7.19

HRNet 94.20 +1.04 95.07 +1.08 93.66 +1.45 90.40 +2.02 92.67 +1.27

5.3.1.5 Discussion of Results

All results are conditional on a single-centre dataset and a fixed preprocessing pipeline;
therefore, external validity to other vendors, acquisition settings, and positioning
practices remains to be established. Pec2 and the global pectoral angle are sensitive to
cropping and padding near image boundaries, which likely caps achievable gains at
those endpoints; a resolution-preserving resize or boundary-aware loss could further

reduce these errors. Despite these caveats, the aggregate evidence indicates that a
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high-resolution backbone, such as HRNet, delivers robust improvements in the
landmarks that directly determine the PNL geometry, and that those improvements
translate into higher Bad-class sensitivity and Good-class specificity under the
deterministic rule. From an implementation perspective, the observed performance
pattern supports deploying HRNet as the primary engine, with CoordAtt U-Net as a
lighter alternative where computational budgets are constrained. The confirmed
reductions at the nipple and in the perpendicular distance provide a mechanistic
explanation for improved agreement with the PNL rule and motivate external

validation to establish impact on repeat rates and PGMI-style outcomes in practice.

5.3.2 Classification Results
5.3.2.1 Primary (Validation-Tuned) Operating Point

On the prespecified Macro-F1-tuned slice (Table 5.4), ConvNeXt-Tiny achieved the
highest balanced performance, with Macro-F1 (82.64 +2.07%) and accuracy (83.40
+2.22%), with a trade-off between Sensitivity (Bad) (82.60 +9.26%) and Specificity
(Good) (83.90 +8.02%). Mean validation thresholds were comfortably within the clamp
range (ConvNeXt-Tiny ~ 0.72 +0.35; EfficientNet-B3 =~ 0.63 +0.29), indicating that
results were not driven by unstable extremes. EfficientNet-B3 ranked a close second
by Macro-F1 (82.10 +2.42%) and achieved the highest Sensitivity (84.16 +5.91%),
trading off Specificity (81.79 +3.62%) and Precision (74.45 +3.19%). In contrast,
ConvNeXt-Tiny’s higher Precision (77.37 +7.23%) and specificity reflect a more
conservative decision boundary that reduces false positives while preserving recall. As
shown in Table 5.4, both modern backbones substantially outperformed the ResNeXt-
50 baselines, underscoring that the gains arise primarily from architectural advances
rather than hyper-parameter optimisation of an older design [83], [84].

Table 5.4: Validation-tuned slice (Macro-F1 maximised on VAL — applied once to
TEST, candidate thresholds clamped [0.05, 0.95]).

Model Threshold Accuracy Macro-F1 Sensitivity Specificity Precision F1
(val) (%) (%) (Bad, %) (Good, %) (Bad, %) (Bad, %)
ResNeXt-50 0.524 +0.31 |72.3043.73 | 71.72 £3.41 | 75.84 +4.07 70.08 +7.50 61.84 +5.35 | 67.91 +2.68
(replica)
ResNeXt-50 0.471 +0.16 |71.80+1.48 | 70.18 +£1.19 | 66.23 £13.71 | 75.28 £10.44 | 63.55 +4.03 | 64.00 +3.68
EfficientNet-B3 | 0.633 +0.29 | 82.70 £2.28 | 82.10+2.42 | 84.16 +5.91 81.79 +3.62 74.45 +3.19 | 78.88 13.08
ConvNeXt-Tiny | 0.720 +£0.35 | 83.40 +2.22 | 82.64 +2.07 | 82.60 +9.26 83.90 +8.02 77.37 +7.23 | 79.26 +2.39

Metrics are computed on the TEST split and reported as mean + SD across five seeds. “Threshold (VAL)” is
the validation-selected cut-point on Precision (Bad). Bold denotes the best mean per column.
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5.3.2.2 Threshold-Free Separability

Threshold-free AUCs on Test (Table 5.5) provide a complementary perspective to the
operating-point results. EfficientNet-B3 achieved the top ROC-AUC (90.65 +2.57%)
and class-wise PR-AUCs (PR-AUC (Bad) 85.58 4+4.99%; PR-AUC (Good) 94.05
+1.97%), with ConvNeXt-Tiny essentially tied on ROC-AUC (90.38 +1.99%) and
within one SD on PR-AUC (Bad) (84.78 +2.36%). The two ResNeXt-50 variants were
lower by 9.46-11.51 ROC-AUC points and 10.38-12.46 macro-F1 points on the tuned
slice, and this gap persisted across seeds. This pattern is consistent with EfficientNet’s
compound scaling and ConvNeXt's modern large-kernel block design, whereas
ResNeXt-50 retains an older ResNeXt bottleneck stack [46], which likely offers less

capacity to capture the broad texture and boundary cues in this task.

Table 5.5: Threshold-free performance on Test (mean +SD across five seeds).

Model ROC-AUC (%) PR-AUC (Bad, %) PR-AUC (Good, %)
ResNeXt-50 (replica) 81.19 +3.47 72.02 +£6.69 86.93 +2.84
ResNeXt-50 (optuna) 79.14 +£2.90 68.97 £2.68 86.23 +2.84
EfficientNet-B3 90.65 +2.57 85.58 +4.99 94.05 +1.97
ConvNeXt-Tiny 90.38 +1.99 84.78 £2.36 92.97 +£2.91

Bold denotes the best mean in each column.

5.3.2.3 Precision-Recall Behaviour (Bad Class)
Seed-wise PR overlays on the Test set (EfficientNet-B3: Figure 5.2; ConvNeXt-Tiny:

Figure 5.3) were computed with Bad as the positive class and plotted as step functions
(Matplotlib where= “post”, i.e., right-continuous). Both models occupy a high-precision
band over most of the recall range, but their shapes differ in ways that mirror the
thresholded results. EfficientNet-B3 curves sit slightly higher on average and retain
precision deeper into the high-recall tail (=0.70-0.95), yielding the higher mean average
precision (AP) while showing greater between-seed spread, including one visibly
weaker seed. ConvNeXt-Tiny curves are more tightly clustered with marginally lower
mean AP; precision remains consistently strong through mid-recall and then softens
earlier at the extreme tail, a profile consistent with its higher Precision and Specificity
at the Macro-F1-tuned operating point. The stepwise appearance at very low recall
reflects discrete thresholds and finite positives rather than instability. Taken together,

the overlays and Table 5.5 indicate robust separability and localise the trade-off.
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EfficientNet-B3 affords slightly more recall headroom for Bad (overlays; higher mean
AP in Table 5.5) but carries lower Precision and Specificity (Table 5.4) at the tuned
operating point, consistent with more false positives. ConvNeXt-Tiny delivers a more
conservative, precision-leaning boundary with tighter seed robustness (Table 5.4).
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Figure 5.2: PR (Bad) on the TEST set- Figure 5.3: PR (Bad) on the TEST set-
EfficientNet-B3 (five seeds, overlay). ConvNeXt-Tiny (five seeds, overlay).

5.3.2.4 Confusion Matrix at the Operating Points

A confusion matrix for ConvNeXt-Tiny at the Macro-F1-tuned operating point is
shown for seed 44 (the seed whose Test Macro-F1 is closest to the five-seed mean;
Table 5.6). On the test set, using the Macro-F1-tuned threshold on p(Bad) (~0.79) and
treating Bad as the positive class, counts were TP (Bad) = 50, FN (Bad) = 27, FP (Bad)
=8, TN (Good) = 115. These counts yield Sensitivity = 50/77 = 64.9% and Specificity
=115/123 = 93.5%, with Precision = 50/(50+8) = 86.2%. Although a single-seed matrix
is not used for inference, it concretely illustrates the conservative boundary implied by
Table 5.4, with few false positives with a tolerable reduction in Bad recall. Seed-
averaged metrics in Table 5.4 place this snapshot in context and confirm ranking
stability across initialisations.

Table 5.6: ConvNeXt-Tiny confusion matrix on the Test set.

Seed s44, threshold on p(Bad) from VAL = 0.790

27

50
True Bad | (64.9%) (35.1%)

8
True Good 1 (6.5%)

Pred Bad Pred Good
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5.3.2.5 Paired Comparisons at the Prespecified Operating Point

Since model selection is anchored to performance at the macro-F1-tuned cut-point,
paired testing on the same Test images was conducted using McNemar's test (Table
5.7). Exact two-sided p-values were non-significant for every seed (range 0.37-1.00),
and the Fisher-combined p-value across five seeds was 0.9195, indicating no evidence
that one model systematically corrects the other’s errors. A comparison using seed-
averaged ensembles (per-model probabilities averaged over seeds, then thresholded
once per model) yielded nio = 10 and no1 = 12 discordant cases and exact p=0.83, again
consistent with no difference. For directional context, the discordant proportion for
the ensemble was p = nyy/(n10 + no1) = 0.455 with a Wilson 95% CI [0.27, 0.65],
which includes 0.5 and therefore aligns with the non-significant McNemar result. These
findings are consistent with the macro-metrics in Table 5.4 and the threshold-free
AUCs in Table 5.5. The models’ error sets are largely overlapping at the prespecified
thresholds, and the number of discordant cases is limited, precisely the regime where
McNemar’s test has low power.

Table 5.7: McNemar test on the Test set, comparing ConvNeXt-Tiny and EfficientNet-
B3 at their validation-tuned Macro-F1 operating points.

Seed n1o No1 Exact p

11 14 19 0.4869

22 20 22 0.8776

33 21 25 0.6587

44 34 26 0.3663

55 24 24 1.0000
Combined (Fisher) - - 0.9195
Ensemble 10 12 0.8318

ni0= ConvNeXt-Tiny correct/EfficientNet-B3 wrong; no;=ConvNeXt-Tiny wrong/EfficientNet-B3 correct.

5.3.2.6 Limitations and Implications

Consistent with Section 5.3.1.5, these experiments used a single cohort and acquisition
environment. Operating points were predefined on the validation split to maximise
Macro-F1 (thresholds clamped to [0.05, 0.95]) and then applied once to TEST. While
this reduces optimism and avoids test-set tuning, it does not guarantee portability
across vendors, sites or prevalences. Thresholds will likely shift with prevalence and
with calibration drift. Therefore, formal calibration analysis (for example, reliability

diagrams, Brier score) and external/temporal validation are needed before deployment.
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Seed-to-seed variability was modest to moderate (~2-5 pp for threshold-free AUCs;
~3-9 for thresholded metrics) and did not alter the model ordering, but it does indicate
some sensitivity to initialisation and the exact validation thresholds. McNemar tests at
the prespecified operating points were non-significant across seeds and for the seed-
averaged ensembles. This is consistent with a few discordant pairs and overlapping
error sets when both models are strong. The label space was binary (Good/Bad), which
boosts power but collapses heterogeneous error modes; more granular, multi-label
quality categories would improve actionability and error analysis. Finally, benchmarking
was limited to CNN backbones. A fair comparison to transformer or hybrid models

would require a different strategy and was out of scope.

Operationally, the findings support two viable regimes. If minimising false
negatives is paramount, EfficientNet-B3 is preferable (higher Sensitivity, stronger PR-
AUC (Bad)) and can be tuned towards a recall-heavy cut-point. If containing false
positives and preserving balance is the priority, ConvNeXt-Tiny is preferable (higher
Macro-F1, Precision, and Specificity) with only a modest drop in Bad recall. In either
case, the interior validation-tuned thresholds (~0.63 for EfficientNet-B3; ~0.72 for
ConvNeXt-Tiny) and modest SDs suggest stable operation. Any deployment should
pair model choice with site-specific threshold setting, ongoing calibration/monitoring,

and periodic drift check.

5.3.3 Comparison with Literature Findings

Landmark regression

The landmark regression with post-hoc PNL classification component was structured
as a methodological replication of Tanyel et al. [17] (MLO Vviews;
landmarks—deterministic PNL rule; five independent runs). In their study, their
strongest replica baseline was CoordAtt-U-Net, which led both on landmark accuracy
(Perp = 4.99 mm; PEC1 = 5.62 mm; PEC2 = 6.49 mm; Nipple = 2.97 mm; Angle = 2.42°)
and on the derived Good/Bad decision, with Attention U-Net close behind and a vanilla
U-Net clearly weaker. Using the same landmark set, the same post-hoc PNL rule, and
five independent seeds, the present results reproduce that ordering and extend it with
a high-resolution backbone. HRNet yields uniformly smaller landmark errors: Perp 4.15

+0.07 mm, PEC1 5.67 +0.14 mm, PEC2 5.01 +£0.11 mm, Nipple 1.83 +£0.08 mm, Angle
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2.14 +0.06°, relative to CoordAtt-U-Net (4.98/6.57/5.60/2.76/2.42). The largest
absolute gains occur where the PNL decision is most sensitive: the nipple position and
the perpendicular distance, with reductions of 0.93 mm (33.7%) at the nipple and 0.83
mm (16.7%) for the perpendicular, relative to the CoordAtt-U-Net baseline.

Downstream quality classification (from landmarks)

These geometric improvements translate coherently into the derived Good/Bad
decision. Using the methodology as Tanyel et al. [17], the shared attention baselines
appear in the same order but at higher absolute levels on this cohort. Tanyel et al. [17]
report CoordAtt-U-Net at 88.63 +2.84% accuracy (specificity 90.25 +4.04%,
sensitivity 86.04 +3.41%) and Attention U-Net at 88.20 +2.51%; the present results
are 92.40 +1.29% and 89.00 +2.09%, respectively—gains of +3.77 pp (CoordAtt) and
+0.80 pp (Attention) in accuracy, with the same ranking. A plain U-Net remains clearly
weaker (70.50 +1.58% accuracy). Building on this baseline, HRNet further improves
the landmark-derived decision to 94.20 +1.04% accuracy with 95.07 +1.08%
sensitivity and 93.66 +1.45% specificity, i.e., +1.80 pp over the best U-Net replica here
and +5.6 pp / +3.4 pp / +9.0 pp in accuracy/specificity/sensitivity relative to Tanyel et
al.’s [17] CoordAtt-U-Net. While absolute percentages are not strictly interchangeable
across cohorts, the directional agreement is strong: attention-augmented U-Nets
outperform a plain U-Net in both studies, and adding a high-resolution backbone yields
further gains. The improvement aligns with the largest landmark reductions at the
nipple and the perpendicular distance, precisely the terms that determine the PNL

decision, and is accompanied by tighter between-seed variability.

Direct image-level classification (no landmarks)

Tanyel et al. [17] also evaluated a ResNeXt-50 classifier that bypasses geometry,
reporting 73.7 +3.35% test accuracy. On the present cohort, a faithful ResNeXt-50
replica achieves 72.30 +3.73%, and an Optuna-tuned variant 71.80 +1.48%;
threshold-free separability is consistent with this difficulty band (ROC-AUC 81.19
+3.47%, PR-AUC(Bad) 72.02 +6.69% for the replica; 79.14 +2.90% / 68.97 +2.68%
for the tuned model). In contrast, modern backbones markedly improve discrimination
in the same end-to-end setting: EfficientNet-B3 attains ROC-AUC 90.65 +2.57% and
PR-AUC(Bad) 85.58 +4.99%, while ConvNeXt-Tiny achieves 90.38 +1.99% and 84.78
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+2.36%, respectively. At a single Macro-F1-tuned operating point (threshold fixed on
validation then applied once to test), ConvNeXt-Tiny provides the best balance (Macro-
F1 82.64 +2.07%, accuracy 83.40 +2.22%) with higher precision/specificity, whereas
EfficientNet-B3 offers slightly greater Bad-recall headroom at some cost in precision.
Taken together, this indicates that the gap observed by Tanyel et al. [17] for a vanilla

ResNeXt-50 reflects architecture, not an intrinsic limit of end-to-end classification.

Context beyond PNL (adequacy frameworks)

Recent mammography-QA research typically targets multi-criteria positioning
adequacy across CC and MLO views (and, in some work, digital breast tomosynthesis)
using established IES (for example, PGMI in the UK; ACR/MQSA in the US). For
example, Gupta et al. [20] describe an Inception-based regression pipeline that infers
positioning cues and outputs a holistic adequacy label, accompanied by a technologist-
facing report aligned to MQA decision rules, while Brahim et al. [9], for example,
implement per-criterion, lightweight CNN classifiers (ensembled) with Grad-CAM
explanations to produce an overall adequacy decision. By contrast, this research study
focuses on a single geometric criterion (PNL) on MLO. Related work is acknowledged
in Table 2.2; apart from the like-for-like replication of Tanyel et al. [17], no numerical
cross-study comparisons were undertaken, as the remaining studies address different

tasks and outcomes and use non-equivalent datasets and evaluation protocols.

5.4 Conclusion

This chapter dealt with the experimental setup and the presentation and analysis of
the DL models. The following chapter will outline the conclusions and

recommendations for future work.
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Chapter 6: Conclusions and Recommendations

6.1 Introduction

This final chapter presents the conclusions and recommendations for future research.

6.2 Conclusion of the Study

This section presents a summary of the research findings in relation to the objectives.

1. To conduct a questionnaire amongst radiographers working at the mammography
unit at a local general public hospital in Malta, to explore their perceptions,
acceptance, and concerns regarding the use of Al in breast imaging and quality

assurance.

A total of eight responses were obtained from the nine radiographers working in the
mammography unit (response rate: 88.9%). Self-reported breast positioning confidence
and PGMI familiarity were high. Attitudes towards the use of Al for breast positioning
varied significantly (Friedman x*(6) = 21.49, p = 0.001): strongest agreement was
expressed for retaining clinician override (4.75) and improving positioning consistency
across staff (4.25), alongside openness to real-time feedback (4.13). Mean score ratings
for parity of trust with a senior colleague and deskilling risk were near-neutral (both
3.13), indicating conditional acceptance. Views on the PGMI review process did not
differ significantly overall (Friedman x*3) = 6.684, p = 0.083). Nevertheless,
respondents agreed that PGMI is subjective (4.25) and time-consuming (3.75), were
not convinced that the annual PGMI audit alone is sufficient (2.88) and agreed that Al
could replace one PGMI reviewer if accuracy were comparable to human grading
(4.25). The principal concerns regarding Al use were over-reliance on Al (n=7),
accountability issues (n=6) and reduced professional autonomy (n=>5), with fewer citing
insufficient training/support (n=3) or limited trust (n=2). Factors associated with
confidence to adopt Al included seamless workflow integration (n=6) and hands-on
training (n=5), alongside clinical evidence of performance (n=4), a clinician-override
option (n=4), and transparency/explainability (n=3). Overall acceptance was positive,
with all respondents willing to train in and potentially use Al for breast positioning and

PGMI grading.
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2. To identify an annotated dataset containing examples of correct breast positioning

and incorrect ones.

Following a review of available public datasets, this study used the VinDr-Mammo
dataset, having 20,000 pseudo-anonymised DICOM images from 5,000 exams. An
annotated positioning subset was created by exact SOPInstanceUIDs matching to the
deep-breast-positioning repository on GitHub, yielding 2,000 MLO views with expert
ground truth. The dataset was split into training, validation and testing sets with an
80%/10%/10% split. According to the deterministic PNL rule, images in the dataset
were classified as 961 Good (60.1%) and 639 Bad (39.9%) for training, 108 Good
(54.0%) and 92 Bad (46.0%) for validation and 123 Good (61.5%) and 77 Bad (38.5%)

for testing.

3. To identify and select DL models that can be used for assessing breast positioning in

mammaography, specifically with respect to the PNL criterion on the MLO view.

For landmark regression (from which Good/Bad is derived via the PNL rule), replicated
baselines included U-Net, Attention U-Net, CoordAtt U-Net, and ResNeXt-50. Each
was adapted to single-channel mammograms with a lightweight regression head
predicting six landmark coordinates. To explore architectural novelty and high-
resolution feature retention, HRNet was added to this regression family as a novel
model. For direct image-level classification, a faithful ResNeXt-50 replica served as the
historical baseline alongside three modern backbones selected for architectural
diversity and practicality: an Optuna-tuned ResNeXt-50, ConvNeXt-Tiny, and
EfficientNet-B3, initially trained on ImageNet and made input-compatible via a 1x1

projection to three channels.

4. To train and test the selected DL models for assessing breast positioning in

mammaography, specifically with respect to the PNL criterion on the MLO view.

The selected DL models were trained and tested using the Vietnamese FFDM dataset.
Two complementary strategies were implemented: (i) geometry-aware landmark
regression with positioning quality derived post-hoc via the PNL rule, and (ii) direct
image-level classification. The annotated subset (see Objective 4: Dataset) was

partitioned once at the SOPInstanceUID level using an 80/10/10 Train/Validation/
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Test split, and training was repeated with independent random seeds {11,22,33,44,55}.
A standardised preprocessing workflow and a unified training/evaluation protocol

were applied across models to ensure comparability and reproducibility.

5. To evaluate the performance of these DL models in assessing breast positioning

quality using appropriate metrics relevant to the task.

For the landmark-regression strategy, HRNet emerged as the best-performing model,
achieving the lowest landmark localisation and pectoral-line angular errors and, when
propagated through the deterministic PNL rule, the highest post-hoc Good/Bad
grading performance. Amongst the replicated baseline regressors, CoordAtt U-Net was
the strongest comparator, but it did not match HRNet in either regression accuracy or

downstream QA classification outcomes.

For direct image-level classification, ConvNeXt-Tiny provided the most
balanced operating-point performance, whereas EfficientNet-B3 offered a more recall-
oriented alternative, achieving the highest threshold-free separability and the
strongest sensitivity for detecting “Bad” cases. Both modern backbones substantially
outperformed the ResNeXt-50 baselines across thresholded and threshold-free
evaluation, indicating that architectural advances contributed more to performance

gains than hyperparameter optimisation of an older design.

However, these conclusions should be interpreted in light of the study’s
limitations. Evaluation was restricted to a single dataset, a single view (MLO), and a
single positioning criterion (PNL), and performance has not yet been externally
validated on independent cohorts or locally acquired imaging. Consequently, external
validation is required to confirm generalisable performance before future work
assesses clinical usability, workflow impact, and safe deployment requirements,

including training, governance, and human override mechanisms.
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6.3 Overall Summary of Findings

This research study combined a radiographers’ questionnaire with model identification,
training and testing for PNL on MLO using two strands: (i) landmark regression, in
which each model predicted six coordinates, and a Good/Bad label was derived post-
hoc from these landmarks via the deterministic PNL rule; and (ii) direct image-level
classification. Questionnaire responses indicated high PGMI familiarity and broadly
positive, but conditional, attitudes to Al, with emphasis on workflow fit, training and
retained override. A like-for-like replication of Tanyel et al. [17] confirmed that
attention-augmented U-Nets outperformed the vanilla U-Net; introducing a high-
resolution backbone (HRNet) further improved landmark localisation and the derived
Good/Bad classification. In the direct-classification strand, a faithful ResNeXt-50
baseline and an Optuna-tuned ResNeXt-50 were evaluated; ConvNeXt-Tiny (Optuna-
tuned) and EfficientNet-B3 (Optuna-tuned) achieved superior performance under the
same protocol. Limitations include the small single-centre sample and a PNL-only,

MLO-only, single-dataset evaluation without clinical validation.

6.4 Recommendations

The following are some recommendations for future work:

Scope expansion and task design: Due to time constraints and the lack of publicly
available datasets with positioning-specific annotations, this research study evaluates
positioning quality in a constrained setting. A logical extension is to cover the routine

screening spectrum, both CC and MLO views, and digital breast tomosynthesis.

Local, external and temporal validation: Generalisability is best demonstrated
progressively. An initial phase would assess performance on locally acquired
mammograms that sample all vendors in use on site, both CC/MLO views, breast-
density strata, common artefacts, and typical post-surgical or implant cases. Temporal
validation using cohorts can quantify drift under stable deployment. External validation
across multiple sites with heterogeneous scanners, protocols, and positioning practices

is then required to confirm transportability.

Data enablement for local adoption: Sustainable evaluation and iteration require a
governed pathway for using clinical images in Al research. Locally, clear procedures

are needed to obtain informed patient consent and to ensure privacy-preserving,
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GDPR-compliant use of data. Establishing a versioned breast-imaging archive,
integrated with existing imaging information technology, would enable reproducible

research and continuous model improvement.

Usability and workflow integration: Evidence beyond offline metrics comes from in-
situ observation at the point of acquisition. A shadow-mode pilot is recommended
initially, in which cues are generated but not shown to establish baseline alert volume,
latency and stability without influencing clinical workflow. This should be followed by
a staged, point-of-acquisition deployment where concise, action-oriented cues (for
example, “Positioning risk High. Check PNL”) are visible on the console. Evaluation
could adopt a mixed-methods design, contextual observation at the workstation and
think-aloud tasks, complemented by standard instruments (System Usability Scale and
Single Ease Question) and be anchored to primary usability endpoints such as time to

notice and act and correction on the next view.

Safety and risk mitigation: Safety is often framed across two dominant risks: false
reassurance (missed bad cases) and alarm fatigue (excess bad flags). Operating points
ought to be co-designed with clinical stakeholders, prospectively fixed, and monitored
post-deployment for drift with defined recalibration criteria. A basic Failure Modes and
Effects Analysis should precede live use to identify high-risk misclassifications and
define mitigations. Uncertainty estimates, conservative defaults, and periodic post-

deployment audits will further reduce latent safety risks.

Model development and benchmarking: Future work should compare modern
architectures, including vision transformers and hybrid token-conv models, against the

current baselines under identical data splits and reporting.

Ethics for deployment: Future studies would benefit from a defined governance
framework that includes explicit human oversight, clearly documented intended use,

and tamper-evident audit logs.

Staff training: Before go-live, a concise, role-specific training programme should
prepare radiographers as well as the information technology and PACS team to
interpret model outputs and confidence indicators, apply local agreed thresholds, and

follow standard operating procedures for repeat, escalation or override.
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Appendix A: Questionnaire

09/11/2025, 22:34 Artificial Intelligence in Breast Positioning and Quality Assurance in Screening Mammography - Questionnaire

Artificial Intelligence in Breast
Positioning and Quality Assurance in
Screening Mammography -
Questionnaire

Dear Participant

My name is Francesca Xuereb, and | am a radiographer currently reading for an M.Sc. in
Digital Health at the University of Malta. As part of my course requirements, | am
conducting a research study entitled "Artificial Intelligence in Breast Positioning and
Quality Assurance in Screening Mammography," under the supervision of Prof Carl James
Debono and Prof Francis Zarb.

One of the aims of this research study is to conduct a questionnaire amongst
radiographers working in the mammography unit at Mater Dei Hospital to explore their
perceptions, acceptance, and concerns regarding the use of artificial intelligence in
breast positioning. For this reason, you are being invited to take part in this study by
completing a short, anonymous questionnaire, which should take approximately 15
minutes to complete.

Participation in this study is entirely voluntary, and no personal identifying information
will be collected in this questionnaire. However, please note that Google Forms may
collect your computer IP address. You may choose to withdraw from the questionnaire at
any point without any negative consequences. There are no direct rewards for completing
the questionnaire; however, your contribution may help inform future developments in the
application of Al in mammography.

All responses will be collected anonymously and used solely for the purpose of this
research study. Please avoid including any personal or identifying information in your

responses. Completing and submitting the questionnaire constitutes giving consent.

This study has been approved by the Research Ethics Committee of the Faculty of
Information and Communication Technology at the University of Malta.

Your participation and time to contribute to this research are greatly appreciated. Should
you have any questions or concerns, please feel free to contact me or one of my
supervisors at the email addresses below.

Best regards,

Francesca Xuereb (email address: francesca.xuereb.19@um.edu.mt)

Prof Carl James Debono (email address: carl.debono@um.edu.mt)

https://docs.google.com/forms/d/1cn75hLX10F7t9qzVkm2YwEChEszJIQvYcsqf TI30K50/edit 1/14



Artificial Intelligence in Breast Positioning and Quality Assurance in Screening Mammography - Questionnaire

* Indicates required question

1. 1. Please select your age group: *

Mark only one oval.

() 21-30 years

Ve
—

) 31-40 years

() 41-50 years

() 51-60 years

() 61+years

2. 2. Please indicate your years of experience in mammography: *

Mark only one oval.

-

C
r
\

Ve

AN
N
C
N
N
Ve
N

) Less than 2 years
) 2-4 years

) 57 years

) 8-10 years

) More than 10 years

) No experience

https://docs.google.com/forms/u/0/d/1cn75hLX10F7t9qzVkm2YWEChEszJIQvYcsqfTI30K50/printform

18/09/2025, 21:16

Page 2 of 13
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Artificial Intelligence in Breast Positioning and Quality Assurance in Screening Mammography - Questionnaire 18/09/2025, 21:16

3. 3. What is the highest level of education in Radiography you have completed? *

Mark only one oval.

() Diploma
() Graduate
() Masters

-

() Doctorate (incl PhD)

\73‘ Other:

4. 4. When reviewing screening mammograms post-acquisition, how confident are you in

assessing positioning adequacy (for example, full tissue coverage, nipple in profile, IMF
open)?

Mark only one oval.

() 1= Not confident at all

(D= Slightly confident

(3= Moderately confident

(") 4= Very confident

(") 5= Extremely confident

https://docs.google.com/forms/u/0/d/1cn75hLX10F7t9qzVkm2YWEChEszJIQvYcsqfTI30K50/printform Page 3 of 13
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Artificial Intelligence in Breast Positioning and Quality Assurance in Screening Mammography - Questionnaire 18/09/2025, 21:16

5. 5. How familiar are you with the PGMI (Perfect, Good, Moderate, Inadequate) grading
system in Mammography?

Mark only one oval.

) 1= Not at all familiar
) 2= Slightly familiar
) 3= Moderately familiar
) 4= Very familiar

) 5= Extremely familiar

6. 6. Have you ever participated in conducting a formal PGMI (Perfect, Good, Moderate,
Inadequate) image quality audit in Mammography?

Mark only one oval.

) Yes

) No

) I don't know

7. 7. How confident are you in your ability to grade mammographic image quality according tc
the PGMI (Perfect, Good, Moderate, Inadequate) grading system?

Mark only one oval.

) 1= Not confident at all

) 2= Slightly confident

) 3= Moderately confident
) 4= Very confident

) 5= Extremely confident

https://docs.google.com/forms/u/0/d/1cn75hLX10F7t9qzVkm2YWEChEszJIQvYcsqfTI3oK50/printform Page 4 of 13
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Artificial Intelligence in Breast Positioning and Quality Assurance in Screening Mammography - Questionnaire 18/09/2025, 21:16

8. 8. To what extent do you agree with the following statement:
“The current PGMI-based image quality review process is reliable and produces consistent
results.”

Mark only one oval.

) 1= Strongly disagree
2= Disagree
) 3= Neutral
) 4= Agree
) 5= Strongly agree

) | don't know

9. 9. Inyour opinion, how often is inter-reader variability a challenge when grading image
quality using the PGMI (Perfect, Good, Moderate, Inadequate) grading system?
(Inter-reader variability = difference in how two or more professionals grade the same image)

Mark only one oval.

) 1= Never

) 2= Rarely

) 3= Sometimes
) 4= Often

) 5= Always

| don't know

https://docs.google.com/forms/u/0/d/1cn75hLX10F7t9qzVkm2YWEChEszJIQvYcsqfTI30K50/printform Page 5 of 13
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Artificial Intelligence in Breast Positioning and Quality Assurance in Screening Mammography - Questionnaire 18/09/2025, 21:16

While artificial intelligence (Al) is increasingly used in mammography for tasks such as lesion
detection and aiding in reporting, it is also becoming a growing area of interest for supporting
radiographers more directly during image acquisition and quality assurance. Specifically, Al
applications are being developed to:

1. Provide real-time feedback during image acquisition by identifying technical issues such as poor
breast positioning, inadequate compression, or image artefacts. In terms of positioning, this may
include specific issues like inadequate posterior tissue inclusion, the nipple not being in profile, or the
absence of the pectoral muscle on the MLO view.

2. Support retrospective quality assessment by automatically evaluating whether mammographic
images meet established technical criteria, such as those used in the PGMI (Perfect, Good, Moderate,
Inadequate) grading system.

The following questions explore your views on the potential use of Al in both real-time and
retrospective quality assessment contexts.

10. 10. On a scale of 1-5, how much knowledge would you say you have about Al in
mammography?

Mark only one oval.

() 1= No knowledge

() 2= Minimal knowledge
) 3= Basic knowledge
() 4= Adequate knowledge
") 5= Very good knowledge

11.  11. Have you ever had experience working with Al tools or applications within your
professional practice in mammography?

Mark only one oval.
) Yes

) No

https://docs.google.com/forms/u/0/d/1cn75hLX10F7t9qzVkm2YWEChEszJIQvYcsqfTI3oK50/printform Page 6 of 13



Artificial Intelligence in Breast Positioning and Quality Assurance in Screening Mammography - Questionnaire 18/09/2025, 21:16

12. If you answered "Yes" to Question 11, please describe the purpose(s) for which you used 1
Al tool(s) or application(s).
If you selected "No," please skip this question and proceed to question 12.

13.  12. Were you aware that Al can be used to assess breast positioning and image quality in
mammography?

Mark only one oval.

) Yes

) No

14. 13. Have you ever used or trialled an Al-based system for assessing breast positioning or
image quality in mammography?

Mark only one oval.

) Yes

) No

https://docs.google.com/forms/u/0/d/1cn75hLX10F7t9qzVkm2YWEChEszJIQvYcsqfTI3oK50/printform Page 7 of 13
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Artificial Intelligence in Breast Positioning and Quality Assurance in Screening Mammography - Questionnaire

15.

Strongly

Disagree
disagree g

| believe Al can support
radiographers in assessing
breast positioning

| would trust Al feedback on
breast positioning as much as
| trust feedback from a senior
colleague

| believe Al tools could help
improve positioning
consistency across staff

| would be comfortable
receiving real-time Al
feedback on breast
positioning while performing a
mammogram

Neither agree
nor disagree

18/09/2025, 21:16

14. Please state your level of agreement and/or disagreement with each statement below

Strongl
agree

Al could reduce my reliance
on second opinions for
positioning

Relying on Al for positioning
could lead to deskilling over
time

| do not believe Al can support
radiographers in assessing
breast positioning

| would feel comfortable using
my clinical judgment to
overmride Al-based feedback
when needed

https://docs.google.com/forms/u/0/d/1cn75hLX10F7t9qzVkm2YWEChEszJIQvYcsqfTI30K50/printform

Page 8 of 13
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Artificial Intelligence in Breast Positioning and Quality Assurance in Screening Mammography - Questionnaire

16.

18/09/2025, 21:16

15. Please state your level of agreement and/or disagreement with each statement below

Strongly
disagree

Grading images using the
PGMI grading system is time-
consuming

PGMI grading is subjective
and may vary between
reviewers

The current annual PGMI
audit process is sufficient for
maintaining consistent image
quality standards

Al could take over the role of
one reviewer in the PGMI
audit process, provided it
demonstrates comparable
accuracy to human grading

Disagree

https://docs.google.com/forms/u/0/d/1cn75hLX10F7t9qzVkm2YWEChEszJIQvYcsqfTI30K50/printform

Neither agree
nor disagree

Strongl

Agree

agree

Page 9 of 13
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Artificial Intelligence in Breast Positioning and Quality Assurance in Screening Mammography - Questionnaire 18/09/2025, 21:16

17. 16. How useful do you believe Al could be in improving the following areas? *

Not Useful  Slightly Moderately Very Extremely

at All Useful Useful Useful Useful

Identifying poor positioning — —_ . — p—
during image acquisition — - — - —
Reducing the number of ~— — — — —
technical recalls — — — — —
Standardising PGMI grading — — — ) —_

: N\ N\ -/ —_/ N
across radiographers :
Training junior radiographers @) @) D @D @
Saving time in retrospective ~— ~— — R —
audits -/ o/ N N
Providing more timely and
consistent feedback on image N O ~— O —
quality than the current annual — — — ot —
PGMI audit process

18. 17. To what extent do you believe an Al tool for breast positioning and/or PGMI grading
would benefit your clinical practice if implemented?

Mark only one oval.

) 1= Not at all beneficial

/‘\ /‘\ M

) 2= Slightly beneficial
) Moderately beneficial

Very beneficial

\ /‘\
U
o 'ﬁ' w

= Extremely beneficial

J

https://docs.google.com/forms/u/0/d/1cn76hLX10F7t9qzVkm2YWEChEszJIQvYcsqfTI30K50/printform Page 10 of 13
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Artificial Intelligence in Breast Positioning and Quality Assurance in Screening Mammography - Questionnaire 18/09/2025, 21:16

19. 18. What concerns, if any, would you have about using Al in this context? *
(Select all that apply)
| Over-reliance on Al
" | Reduced professional autonomy
" | Limited trust in Al systems
| Lack of adequate training or support to use Al tools confidently
| concerns about accountability or responsibility
" | No concerns
| Other:
20. 19. Which of the following would increase your confidence in using Al tools in your daily
practice? Please select your top 3.
Clinical evidence of accuracy and reliability
Transparency in how Al decisions are made
| Seamless integration into existing workflows
| Hands-on training or workshops
Clinical guidelines recommending its use
Endorsement by consultants or hospital leadership
] Ability to override Al suggestions
Other:
https://docs.google.com/forms/u/0/d/1cn75hLX10F7t9qzVkm2YWEChEszJIQvYcsqfTI3oK50/printform Page 11 of 13
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Artificial Intelligence in Breast Positioning and Quality Assurance in Screening Mammography - Questionnaire 18/09/2025, 21:16

21.

22.

20. Assuming training is available in the future, would you be interested in learning how to
use Al tools for breast positioning and/or PGMI (Perfect, Good, Moderate,
Inadequate) grading?

Mark only one oval.

) Yes

(_ )No

\-

() Idon'tknow

21. Please share any additional comments or suggestions regarding the integration of Al
into breast positioning and image quality assurance.
(Optional)

This content is neither created nor endorsed by Google.

Google Forms

https://docs.google.com/forms/u/0/d/1cn75hLX10F7t9qzVkm2YWEChEszJIQvYcsqfTI3oK50/printform Page 12 of 13
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Ap

pendix B: Deterministic PNL rule examples

e 1

Pec2

Figure B.1: An example of a mammogram classified as Figure B.2: An example of a mammogram classified as
“Good”: The PNL from the nipple to the extended PML falls “Bad”: The PNL from the nipple to the extended PML
inside the image bounds. falls outside the image bounds.
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Appendix C: Intermediary Permission and Approval

University of Malta Mail - Permission to act as an intermediary pe..on my behalf in a research study at the Medical Imaging Department 03/07/2025, 11:32

L-Universita
ta' Malta Francesca Xuereb <francesca.xuereb.19@um.edu.mt>

Permission to act as an intermediary person on my behalf in a research study at
the Medical Imaging Department

3 messages

Francesca Xuereb <francesca.xuereb.19@um.edu.mt> 24 June 2025 at 16:08
To: Micallef Victor A at Health-MDH <victor.a.micallef@gov.mt>
Cc: Carl James Debono <carl.debono@um.edu.mt>, Francis Zarb <francis.zarb@um.edu.mt>

Dear Mr Micallef (Executive Allied Health Practitioner),
| hope this email finds you well.

My name is Francesca Xuereb, and | am currently reading for an M.Sc. in Digital Health at the University of Malta. As
part of my course requirements, | am conducting a research study entitled, “Artificial Intelligence in Breast Positioning
and Quality Assurance in Screening Mammaography,” under the supervision of Prof Carl Debono and Prof Francis Zarb
(cc’d). One of the aims of this research study is to conduct a questionnaire amongst radiographers working at the
mammography unit at Mater Dei Hospital and radiologists specialised in breast imaging working at Mater Dei Hospital,
to explore their perceptions, acceptance, and concerns regarding the use of artificial intelligence in breast positioning
during mammography.

In line with ethical requirements, | am hereby asking whether you would kindly act as an intermediary person in this
research study. Should you accept, your responsibilities would involve forwarding an invitation email containing the
participant information sheet and a link to the online questionnaire to the radiographers working at the mammography
unit and radiologists specialised in breast imaging working at Mater Dei Hospital.

The data collection period is anticipated to take place in August 2025 and is to take approximately 4 weeks.

Kindly note that | am seeking permission from the relevant authorities as well as approval from the Research Ethics
Committee.

Should you have any questions, do not hesitate to contact me on francesca.xuereb.19@um.edu.mt, or reach out to my
primary supervisor, Prof Carl Debono on carl.debono@um.edu.mt, or my co-supervisor, Prof Francis Zarb,

on francis.zarb@um.edu.mt

Many thanks for considering my request. | look forward to your reply.

Best regards

Francesa Xoereh M

Francesca Xuereb Prof Carl James Debono
Email: francesca.xuereb.19@um.edu.mt  Email: carl.debono@um.edu.mt

Micallef Victor A at MHA - MDH <victor.a.micallef@gov.mt> 3 July 2025 at 11:23

https://mail.google.com/mail/u/1/?ik=364a4c6555&view=pt&search...pl=msg-f:1836617134231710837&simpl=msg-a:r-2181595290483132730 Page 1 of 3
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University of Malta Mail - Permission to act as an intermediary pe...on my behalf in a research study at the Medical Imaging Department 03/07/2025, 11:32

To: Francesca Xuereb <francesca.xuereb.19@um.edu.mt>
Cc: Carl James Debono <carl.debono@um.edu.mt>, Francis Zarb <francis.zarb@um.edu.mt>

Dear Ms Xuereb

Thank you for your email. I would be happy to act as an intermediary for your research
study.

Please feel free to send the invitation email and related documents when ready.

Kind regards
Victor

Victor A Micallef
Executive Allied Health Practitioner

T +356 79847835

%}«r MATER m M +356 99447241

E victor.a.micallef@gov.mt

Mater Dei Hospital, Triq id-Donaturi tad-Demm, |-Imsida, Malta MSD 2090 | Tel +356 2545 0000 | https://deputyprimeminister.
gov.mt/en/MDH/Pages/Home.aspx | https://www.facebook.com/materdeihospital/

Think before you print.
This email and any files transmitted with it are confidential, may be legally privileged and intended solely

for the use of the individual or entity to whom they are addressed.

From: Francesca Xuereb <francesca.xuereb.19@um.edu.mt>

Sent: Tuesday, 24 June 2025 16:08

To: Micallef Victor A at MHA - MDH <victor.a.micallef@gov.mt>

Cc: Carl James Debono <carl.debono@um.edu.mt>; Francis Zarb <francis.zarb@um.edu.mt>
Subject: Permission to act as an intermediary person on my behalf in a research study at the Medical
Imaging Department

CAUTION: This email originated from OUTSIDE the Government Email Infrastructure. DO NOT CLICK LINKS or
OPEN attachments unless you recognise the sender and know the content is safe.

https://mail.google.com/mail/u/1/?ik=364a4c6555&view=pt&search...l=-msg-f:1836617134231710837&simpl=msg-a:r-2181595290483132730 Page 2 of 3



Appendix D: Permission Emails (local general public
hospital in Malta)

Permission and Approval from the Professional Lead/Manager of MID

University of Malta Mail - Permission to conduct a research study at the Medical Imaging Department 03/07/2025, 12:19

L-Universita
ta' Malta Francesca Xuereb <francesca.xuereb.19@um.edu.mt>

Permission to conduct a research study at the Medical Imaging Department
3 messages

Francesca Xuereb <francesca.xuereb.19@um.edu.mt> 3 July 2025 at 11:33
To: Castillo Joseph at Health-MDH <joseph.castillo@gov.mt>
Cc: Carl James Debono <carl.debono@um.edu.mt>, Francis Zarb <francis.zarb@um.edu.mt>

Dear Dr Castillo (Allied Health Service Manager),
I hope this email finds you well.

My name is Francesca Xuereb, and | am currently reading for an M.Sc. in Digital Health at the University of Malta.
As part of my course requirements, | am conducting a research study entitled, “Artificial Intelligence in Breast
Positioning and Quality Assurance in Screening Mammography,” under the supervision of Prof Carl Debono and
Prof Francis Zarb (cc’'d). One of the aims of this research study is to conduct a questionnaire amongst
radiographers working at the mammography unit at Mater Dei Hospital and radiologists specialised in breast
imaging working at Mater Dei Hospital, to explore their perceptions, acceptance, and concerns regarding the use
of artificial intelligence in breast positioning.

In this regard, | would kindly like to ask for your permission to conduct this study at the local Medical Imaging
Department amongst radiographers working at the mammography unit and radiologists specialised in breast
imaging who are willing to participate. Participation in this study is completely voluntary, and participants are free
to accept or refuse to take part without giving a reason. Anonymity and confidentiality will be assured and
maintained throughout the entire study, and any data collected will be solely used for the purpose of this study.

To protect participants’ privacy, the participant information sheet and questionnaire will be distributed via email by
an intermediary person to the relevant radiographers and radiologists. Permission was obtained from Mr Victor
Micallef, who has kindly accepted to act as an intermediary in my research study. Kindly find attached his
acceptance email.

The data collection period is anticipated to take place in August 2025 and is to take approximately 4 weeks.

In addition, kindly note that | am seeking permission from the relevant authorities as well as approval from the
Research Ethics Committee.

Should you have any questions, do not hesitate to contact me at francesca.xuereb.19@um.edu.mt, or reach out to
my primary supervisor, Prof Carl Debono at carl.debono@um.edu.mt or my co-supervisor, Prof Francis Zarb at
francis.zarb@um.edu.mt.

Many thanks for considering my request. | look forward to your reply.

Best regards

https://mail.google.com/mail/u/1/?ik=364a4c6555&view=pt&searc...pl=msg-f:1836619342423352245&simpl=msg-a:r8681375680033318908 Page 1of 2
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University of Malta Mail - Permission to conduct a research study at the Medical Imaging Department 03/07/2025, 12:19

Francesaa Xuereln ﬂ/

Francesca Xuereb Prof Carl James Debono
Email: francesca.xuereb.19@um.edu.mt  Email: carl.debono@um.edu.mt

University of Malta Mail - Permission to act as an intermediary person on my behalf in a research
T study at the Medical Imaging Department.pdf
154K

Castillo Joseph at MHA - MDH <joseph.castillo@gov.mt> 3 July 2025 at 11:58
To: Francesca Xuereb <francesca.xuereb.19@um.edu.mt>
Cc: Carl James Debono <carl.debono@um.edu.mt>, Francis Zarb <francis.zarb@um.edu.mt>

Proceed and wish you all the best with your studies

Dr Joseph Castillo PhD
Lead Diagnostic Radiography

From: Francesca Xuereb <francesca.xuereb.19@um.edu.mt>

Sent: 03 July 2025 11:33 AM

To: Castillo Joseph at MHA - MDH <joseph.castillo@gov.mt>

Cc: Carl James Debono <carl.debono@um.edu.mt>; Francis Zarb <francis.zarb@um.edu.mt>
Subject: Permission to conduct a research study at the Medical Imaging Department

CAUTION: This email originated from OUTSIDE the Government Email Infrastructure. DO NOT CLICK LINKS or
OPEN attachments unless you recognise the sender and know the content is safe.

[Quoted text hidden]

Francesca Xuereb <francesca.xuereb.19@um.edu.mt> 3 July 2025 at 12:19
To: Castillo Joseph at MHA - MDH <joseph.castillo@gov.mt>
Cc: Carl James Debono <carl.debono@um.edu.mt>, Francis Zarb <francis.zarb@um.edu.mt>

Dear Dr Castillo

Thank you.

Best regards

Francesca Xuereb
[Quoted text hidden]

https://mail.google.com/mail/u/1/?ik=364a4c6555&view=pt&searc...pl=msg-f:1836619342423352245&simpl=msg-a:r8681375680033318908 Page 2 of 2
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Permission and Approval from the Chairperson of MID

University of Malta Mail - Permission to conduct a research study at the Medical Imaging Department 21/07/2025, 19:23

L-Universita
ta' Malta Francesca Xuereb <francesca.xuereb.19@um.edu.mt>

Permission to conduct a research study at the Medical Imaging Department
3 messages

Francesca Xuereb <francesca.xuereb.19@um.edu.mt> 3 July 2025 at 12:23
To: melvin.a.danastasi@gov.mt
Cc: Carl James Debono <carl.debono@um.edu.mt>, Francis Zarb <francis.zarb@um.edu.mt>

Dear Dr D’Anastasi (Chairperson of the Medical Imaging Department)
| hope this email finds you well.

My name is Francesca Xuereb, and | am currently reading for an M.Sc. in Digital Health at the University of Malta.
As part of my course requirements, | am conducting a research study entitled, “Artificial Intelligence in Breast
Positioning and Quality Assurance in Screening Mammography,” under the supervision of Prof Carl Debono and
Prof Francis Zarb (cc’'d). One of the aims of this research study is to conduct a questionnaire amongst
radiographers working at the mammography unit at Mater Dei Hospital and radiologists specialised in breast
imaging working at Mater Dei Hospital, to explore their perceptions, acceptance, and concerns regarding the use
of artificial intelligence in breast positioning.

In this regard, | would kindly like to ask for your permission to conduct this study at the local Medical Imaging
Department amongst radiographers working at the mammography unit and radiologists specialised in breast
imaging who are willing to participate. Participation in this study is completely voluntary, and participants are free
to accept or refuse to take part without giving a reason. Anonymity and confidentiality will be assured and
maintained throughout the entire study, and any data collected will be solely used for the purpose of this study.

To protect participants’ privacy, the participant information sheet and questionnaire will be distributed via email by
an intermediary person to the relevant radiographers and radiologists. Permission was obtained from Mr Victor

Micallef, who has kindly accepted to act as an intermediary in my research study.

Permission for this study has been granted by Dr Joseph Castillo, the Professional Lead/Manager of the Medical
Imaging Department.

The data collection period is anticipated to take place in August 2025 and is to take approximately 4 weeks.

In addition, kindly note that | am seeking permissions from the relevant authorities as well as approval from the
Research Ethics Committee.

Should you have any questions, do not hesitate to contact me at francesca.xuereb.19@um.edu.mt or my

supervisors, Prof Carl Debono at carl.deobono@um.edu.mt or Prof Francis Zarb at francis.zarb@um.edu.mt.

Many thanks for considering my request. | look forward to your reply.

Best regards

https://mail.google.com/mail/u/1/?ik=364a4c6555&view=pt&search...l=msg-f:1836624177909097528&simpl=msg-a:r-6459458321651703079 Page 1 0of 3



University of Malta Mail - Permission to conduct a research study at the Medical Imaging Department 21/07/2025, 19:23

Francesa Xoereln

Francesca Xuereb Prof Carl James Debono
Email: francesca.xuereb.19@um.edu.mt  Email: carl.debono@um.edu.mt

Attached please find the following documents:
» A copy of the intermediary person’s approval email.
« A copy of Dr Joseph Castillo’s (Professional Lead/Manager) email approving the research study.

2 attachments

University of Malta Mail - Permission to act as an intermediary person on my behalf in a research
ﬂ study at the Medical Imaging Department.pdf
154K

@ University of Malta Mail - Dr Castillo.pdf
165K

Danastasi Melvin at MHA - MDH <melvin.a.danastasi@gov.mt> 3 July 2025 at 13:14
To: Francesca Xuereb <francesca.xuereb.19@um.edu.mt>
Cc: Carl James Debono <carl.debono@um.edu.mt>, Francis Zarb <francis.zarb@um.edu.mt>

Dear Francesca,

| approve.

Best wishes

Dr Melvin D'Anastasi

MD, Dr. med. (Munich), EDIR, Facharzt fiir Radiologie, Master in Oncologic Imaging (Pisa)

Acting Clinical Chairperson
Medical Imaging Department
MHA-Mater Dei Hospital

t: 25456783 e: melvin.a.danastasi@gov.mt
https://health.gov.mt

MINISTRY FOR HEALTH AND ACTIVE AGEING
Mater Dei Hospital, Triq Id-Donaturi Tad-Demm
Msida, Malta

https://mail.google.com/mail/u/1/?ik=364a4c6555&view=pt&searc...I=msg-f:1836624177909097528&simpl=msg-a:r-6459458321651703079 Page 2 of 3
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Permission and Approval from the DPO

University of Malta Mail - Seeking permission to conduct a research study at the Medical Imaging Department 22/07/2025, 10:28

L-Universita
ta' Malta Francesca Xuereb <francesca.xuereb.19@um.edu.mt>

Seeking permission to conduct a research study at the Medical Imaging Department
6 messages

Francesca Xuereb <francesca.xuereb.19@um.edu.mt> 21 July 2025 at 19:31
To: Data Protection at Health-MDH <datapro.mdh@gov.mt>
Cc: Carl James Debono <carl.debono@um.edu.mt>, Francis Zarb <francis.zarb@um.edu.mt>

Dear MDH Data Protection Officer,

| hope this email finds you well.

My name is Francesca Xuereb, and | am currently reading for an M.Sc. in Digital Health at the University of Malta. As part of
my course requirements, | am conducting a research study entitled “Artificial Intelligence in Breast Positioning and Quality
Assurance in Screening Mammography,” under the supervision of Prof Carl Debono and Prof Francis Zarb (cc’d). One of the
aims of this research study is to conduct a questionnaire amongst radiographers working at the mammography unit at Mater
Dei Hospital, to explore their perceptions, acceptance, and concerns regarding the use of artificial intelligence in breast
positioning.

Participation in this study is completely voluntary, and participants are free to accept or refuse to take part without giving a
reason. Anonymity and confidentiality will be assured and maintained throughout the entire study, and any data collected will
be solely used for the purpose of this study.

To protect participants’ privacy, the participant information sheet and questionnaire will be distributed via email by an
intermediary person to the relevant radiographers. Permission was obtained from Mr Victor Micallef, who has kindly accepted

to act as an intermediary in my research study.

You may access the questionnaire using the following URL: https://docs.google.com/forms/d/
1en75hLX10F7t9qzVkm2YWEChEszJIQvYcsqfTI3oK50/edit

Permission for this study has been granted by Dr Joseph Castillo, the Professional Lead/Manager of the Medical Imaging
Department.

Permission has also been granted by Dr Melvin D'Anastasi, Chairperson of the Medical Imaging Department.

The data collection period is anticipated to take place sometime between August and September 2025 and is to take
approximately 4 weeks.

In addition, kindly note that | am seeking permissions from the relevant authorities as well as approval from the Research
Ethics Committee.

Should you have any questions, please do not hesitate to contact me at francesca.xuereb.19@um.edu.mt or my supervisors,
Prof Carl Debono at carl.debono@um.edu.mt or Prof Francis Zarb at francis.zarb@um.edu.mt

Many thanks for considering my request. | look forward to your reply.

Best regards
Francesca Xuereb

Attached please find the following documents:

* A copy of the intermediary person’s approval email.

https://mail.google.com/mail/u/1/?ik=364a4c6555&view=pt&search...l=msg-a:r-1955292502325319808&simpl=msg-f:1838334477082181181 Page 1of 7
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University of Malta Mail - Seeking permission to conduct a research study at the Medical Imaging Department 22/07/2025, 10:28

+ Acopy of Dr Joseph Castillo’s (Professional Lead/Manager) email approving the research study.

« A copy of Dr Melvin D'Anastasi's (Chairperson of the MID) email approving the research study.

3 attachments
a University of Malta Mail - Mr Victor Micallef.pdf

154K
ﬂ University of Malta Mail - Dr Castillo.pdf
165K
@ University of Malta Mail - Dr Melvin D'Anastasi.pdf
253K
Data Protection at MHA - MDH <datapro.mdh@gov.mt> 21 July 2025 at 20:23

To: Francesca Xuereb <francesca.xuereb.19@um.edu.mt>
Cc: Young Sharon at MHA - Health Services <sharon.young@gov.mt>, Carl James Debono <carl.debono@um.edu.mt>, Francis

Zarb <francis.zarb@um.edu.mt>

Ms Xuereb

1. Please provide us the offline questionnaire (in pdf).

2. Provide us the invitation email (body text that Mr Victor Micallef will send) and include that once participants will click on
the hyperlink to be redirected to google forms, data such as their IP address may be collected by google.

Regards

Simon Caruana

Senior Manager (Compliance)
Health Informatics Directorate
Health-Mater Dei Hospital

MINISTRY FOR HEALTH AND ACTIVE AGEING
Mater Dei Hospital, Triq Id-Donaturi Tad-Demm
Msida, Malta

From: Francesca Xuereb <francesca.xuereb.19@um.edu.mt>

Sent: 21 July 2025 07:32 PM

To: Data Protection at MHA - MDH <datapro.mdh@gov.mt>

Cc: Carl James Debono <carl.debono@um.edu.mt>; Francis Zarb <francis.zarb@um.edu.mt>
Subject: Seeking permission to conduct a research study at the Medical Imaging Department

r 1

https://mail.google.com/mail/u/1/?ik=364a4c6555&view=pt&search...l=msg-a:r-1955292502325319808&simpl=msg-f:1838334477082181181 Page 2 of 7
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University of Malta Mail - Seeking permission to conduct a research study at the Medical Imaging Department 22/07/2025, 10:28

CAUTION: This email originated from OUTSIDE the Government Email Infrastructure. DO NOT CLICK LINKS or OPEN
attachments unless you recognise the sender and know the content is safe.

[Quoted text hidden]

- image001.jpg
;24K

Francesca Xuereb <francesca.xuereb.19@um.edu.mt> 22 July 2025 at 09:17
To: Data Protection at MHA - MDH <datapro.mdh@gov.mt>

Cc: Young Sharon at MHA - Health Services <sharon.young@gov.mt>, Carl James Debono <carl.debono@um.edu.mt>, Francis
Zarb <francis.zarb@um.edu.mt>

Dear Mr Caruana
Thank you for your email.
Please find attached the following documents:

« Offline questionnaire in PDF.
« The invitation email that will be sent by the intermediary (Mr Victor Micallef).
« Document with answers to questions about my research study.

Kindly note that the information sheet has been updated to include a clarification that the participant's IP address may be
collected by Google Forms.

Best regards
Francesca Xuereb
[Quoted text hidden]

3 attachments

ﬂ PDF-questionnaire.pdf
244K

DPO questions.docx
L 17K

@ Invitation email.docx
15K

Data Protection at MHA - MDH <datapro.mdh@gov.mt> 22 July 2025 at 09:45
To: Francesca Xuereb <francesca.xuereb.19@um.edu.mt>

Cc: Young Sharon at MHA - Health Services <sharon.young@gov.mt>, Carl James Debono <carl.debono@um.edu.mt>, Francis
Zarb <francis.zarb@um.edu.mt>

Ms Xuereb

The link included with the attached document is not the same as you declared yesterday (see subjoined) as it is
asking for credentials before starting the survey.

Kindly remove the login dialog in the attached.

https://mail.google.com/mail/u/1/?ik=364a4c6555&view=pt&search...l=msg-a:r-1955292502325319808&simpl=msg-f:1838334477082181181 Page 3 of 7
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2 attachments

. image001.jpg
;24K

Invitation email.docx
@ 15K

Francesca Xuereb <francesca.xuereb.19@um.edu.mt> 22 July 2025 at 10:09
To: Data Protection at MHA - MDH <datapro.mdh@gov.mt>

Cc: Young Sharon at MHA - Health Services <sharon.young@gov.mt>, Carl James Debono <carl.debono@um.edu.mt>, Francis
Zarb <francis.zarb@um.edu.mt>

Dear Mr Caruana

Thank you for pointing this out, and | apologise for the oversight. This is the correct link: https://docs.google.com/forms/d/e/
1FAIpQLSf324fs9i9Az2vDwesW4EvAXIFApyxnJsDZRRLQLJ_yDXea3Q/viewform?usp=sharing&ouid=
110992144327828570451

| updated the invitation email (attached) to reflect this.

Best regards

Francesca Xuereb

[Quoted text hidden]

UPDATED-invitation email.docx
L 15K

Data Protection at MHA - MDH <datapro.mdh@gov.mt> 22 July 2025 at 10:19
To: Francesca Xuereb <francesca.xuereb.19@um.edu.mt>

Cc: Young Sharon at MHA - Health Services <sharon.young@gov.mt>, Data Protection Approval Form at MHA - MDH
<dpaform.mdh@gov.mt>, Carl James Debono <carl.debono@um.edu.mt>, Francis Zarb <francis.zarb@um.edu.mt>

Ms Xuereb

On the basis of the documentation you submitted, from the MDH data protection point of view you have been
cleared to proceed with your study titled Artificial Intelligence in Breast Positioning and Quality Assurance
in Screening Mammography provided that you obtain approval from MDH CEO (ceo.mdh@gov.mt - please
provide the relevant documents including Dr Joseph Castillo’s and Dr Melvin D’ Anastasi’s approval with this
email).

* Your intermediary to approach potential participants through the gov email on your behalf is Mr Victor Micallef -
Executive Allied Health Practitioner who works at the Medical Imaging Department, MDH

* Your potential participants to reply your online questionnaire are Radiographers working at the mammography unit and
Radiologists specialised in breast imaging; within the Medical Imaging Department, MDH

https://mail.google.com/mail/u/1/?ik=364a4c6555&view=pt&search...l=msg-a:r-1955292502325319808&simpl=msg-f:1838334477082181181 Page 4 of 7
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the Medical Imaging Department, MDH will reply the anonymous online questionnaire through the
declared hyperlink.

All data will be provided to you already anonymized given that Radiographers and Radiologists within

Anonymisation

The identity of your potential participants cannot be divulged to anyone by Mr Victor Micallef not even to
academic staff at the UOM.

Consent Criteria

For this study, consent is implied with affirmative action, meaning that if participants click on the hyperlink and
reply, they will be consenting.

The hyperlink should not prompt any log-in dialog box to enter one’s credentials otherwise personal data would
be collected by the platform provider.

At no point you can be handed contact details of potential participants given that they will be approached by Mr
Victor Micallef.

Mr Victor Micallef cannot feed Google Forms with a list of email addresses otherwise consent would be
bypassed. Only your declared hyperlink through your declared invitation email can be used.

This clearance does not allow you to communicate with participants given that they will only be approached by
Mr Victor Micallef through the gov email.

Mr Victor Micallef must approach potential participants only through the gov mail given that he will be
representing MDH; personal email accounts must not be used.

This clearance does not cover Mr Victor Micallef to approach potential participants through social media or any
other means. MDH clearance is applicable for MDH grounds and not for public domains or any other spheres
that are not under MDH'’s responsibility.

Potential participants for this online questionnaire are Radiographers and Radiologists working at the Medical
Imaging Department, MDH; not staff or any other public servant who is not under the responsibility of MDH'’s
Data Controller.

Mr Victor Micallef cannot obtain any email addresses lists specifically for your research otherwise personal data

would be processed without consent. Instead, Mr Micallef must reach potential participants from his already

https://mail.google.com/mail/u/1/?ik=364a4c6555&view=pt&search...I=msg-a:r-1955292502325319808&simpl=msg-f:1838334477082181181 Page 5 of 7
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contacts.

When Mr Victor Micallef will send the mail shot to invite potential participants, the list of recipients should be in
Bcec not Toor Ce.

Clarifications

This clearance does not cover ethical approval.

This clearance is valid for your report to be included with your dissertation only and not in medical journals or
elsewhere given that you are not obtaining approval from MDH legal office.

This clearance is only valid for your questionnaire to be distributed online and not paper-based.

This clearance doesn’t cover any form of interviews.

This clearance doesn’t cover access to medical records or Health Information Systems.

This clearance doesn't allow patient contact / communication / observations / examinations.

What was declared during this clearance process is what you will abide by.

Your submitted documentation and declarations must remain unchanged.

You must abide by all the articles of the GDPR (EU) 2016 / 679 throughout the data collection process and
thereafter.

You are requested to submit a copy of your findings to this office at the end of your study.

This clearance covers your research to be carried out only at the Medical Imaging Department, MDH and not in
any other department / institution such as Primary Healthcare, GGH, KGH, MHS, SVPR, DHIR or any other
institution / department that doesn’t form part of MDH Data Controller.

Please present this email to Mr Victor Micallef.

To sign the data protection form, please contact Ms Graziella Aquilina through dpaform.mdh@gov.mt to provide

https://mail.google.com/mail/u/1/?ik=364a4c6555&view=pt&search...l=msg-a:r-1955292502325319808&simpl=msg-f:1838334477082181181 Page 6 of 7
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the following:

. This clearance email in PDF - to provide in PDF

. MDH CEQO's approval in PDF - pending

. The name of the Chairperson and Manager who approved your research — Dr Melvin D’ Anastasi and

Dr Joseph Castillo

4. The period of data collection — August 2025 (after you will sign the Data Protection form) — September
2025

5. Title of your research - Artificial Intelligence in Breast Positioning and Quality Assurance in Screening
Mammography

6. Your ID number - pending

WN =

NB: You must sign this form before starting. You will receive an email from adobe sign to sign
electronically.

In summary - next step

1. Obtain approval from MDH CEO through ceo.mdh@gov.mt
2. Sign the Data Protection form at Ms Graziella Aquilina through dpaform.mdh@gov.mt (please provide the above six
points)

[Quoted text hidden]
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L-Universita
ta' Malta Francesca Xuereb <francesca.xuereb.19@um.edu.mt>

Seeking permission to conduct a research study at the Medical Imaging Department
5 messages

Francesca Xuereb <francesca.xuereb.19@um.edu.mt> 22 July 2025 at 10:34
To: CEO at Health-MDH <ceo.mdh@gov.mt>
Cc: Carl James Debono <carl.debono@um.edu.mt>, Francis Zarb <francis.zarb@um.edu.mt>

Dear Ing Attard

CEO Mater Dei

| hope this email finds you well.

My name is Francesca Xuereb, and | am currently reading for an M.Sc. in Digital Health at the University of Malta. As part of my course requirements, | am conducting a research study
entitled “Artificial Intelligence in Breast Positioning and Quality Assurance in Screening Mammography,” under the supervision of Prof Carl Debono and Prof Francis Zarb (cc’'d). One of the
aims of this research study is to conduct a questionnaire amongst radiographers working at the mammography unit at Mater Dei Hospital, to explore their perceptions, acceptance, and

concerns regarding the use of artificial intelligence in breast positioning.

Participation in this study is completely voluntary, and participants are free to accept or refuse to take part without giving a reason. Anonymity and confidentiality will be assured and
maintained throughout the entire study, and any data collected will be solely used for the purpose of this study.

To protect participants’ privacy, the participant information sheet and questionnaire will be distributed via email by an intermediary person to the relevant radiographers. Permission was
obtained from Mr Victor Micallef, who has kindly accepted to act as an intermediary in my research study.

Permission for this study has been granted by Dr Joseph Castillo, the Professional Lead/Manager of the Medical Imaging Department.
Permission has also been granted by Dr Melvin D'Anastasi, Chairperson of the Medical Imaging Department.

Moreover, approval has been sought and obtained from the DPO.

The data collection period is anticipated to take place sometime between August and September 2025 and is to take approximately 4 weeks.
In addition, kindly note that | am seeking permissions from the relevant authorities as well as approval from the Research Ethics Committee.

Should you have any questions, please do not hesitate to contact me at francesca.xuereb.19@um.edu.mt or my supervisors, Prof Carl Debono at carl.debono@um.edu.mt or Prof Francis
Zarb at francis.zarb@um.edu.mt

Many thanks for considering my request. | look forward to your reply.

Best regards
Francesca Xuereb
Attached please find the following documents:

« Acopy of Mr Victor Micallef's (intermediary) approval email

« Acopy of Dr Joseph Castillo's (Professional Lead/Manager) email approving the research study
« Acopy of Dr Melvin D' Anastasi's (Chairperson of the MID) email approving the research study
« Acopy of the DPO approval email

4 attachments

-B University of Malta Mail - Mr Victor Micallef.pdf

= 154K

.B University of Malta Mail - Dr Castillo.pdf

= 165K

-3 University of Malta Mail - Dr Melvin D'Anastasi.pdf
= 253K

-B University of Malta Mail - DPO.pdf
— 265K

CEO at MHA - MDH <ceo.mdh@gov.mt>
To: "francesca.xuereb.19@um.edu.mt" <francesca.xuereb.19@um.edu.mt>, Magri Caroline Jane at MHA - MDH <caroline-jane.magri@gov.mt>

Dear Ms Xuereb,

Thank you for the documentation provided. Kindly provide the study protocol to Dr @Magri Caroline Jane at MHA - MDH for her kind
on behalf of CEO.

Regards,

https://mail.google.com/mail/u/1/?ik=364a4c6555&view=pt&searc...pl=msg-f:1839593412201799249&simpl=msg-a:r1243598689259675017 Page 10of 4
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Alexandra

Alexandra Farrugia
Assistant Director

Admin - Office Of The CEO
MHA-Mater Dei Hospital

https://health.gov.mt
MINISTRY FOR HEALTH AND ACTIVE AGEING
Mater Dei Hospital, Triq Id-Donaturi Tad-Demi
Msida, Malta

From: Francesca Xuereb <francesca.xuereb.19@um.edu.mt>

Sent: Tuesday, 22 July 2025 10:34

To: CEO at MHA - MDH <ceo.mdh@gov.mt>

Cc: Carl James Debono <carl.debono@um.edu.mt>; Francis Zarb <francis.zarb@um.edu.mt>
Subject: Seeking ission to conduct a arch study at the Medical Imaging Department

CAUTION: This email originated from OUTSIDE the Government Email Infrastructure. DO NOT CLICK LINKS or OPEN unless you ise the sender and know the conte

ed text hidden]

5 attachments
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fa University of Malta Mail - Mr Victor Micallef.pdf
154K

“n University of Malta Mail - Dr Castillo.pdf
= 165K

a University of Malta Mail - Dr Melvin D'Anastasi.pdf
253K

‘,ﬂ University of Malta Mail - DPO.pdf
265K

Magri Caroline Jane at MHA - MDH <caroline-jane.magri@gov.mt> 3 August 2025 at 16:12
To: F Xuereb xuereb.19@um.edu.mt>, CEO at MHA - MDH <ceo.mdh@gov.mt>
Cc: Carl James Debono <carl.debono@um.edu.mt>, Francis Zarb <francis.zarb@um.edu.mt>

Dear Francesca,
Thanks for the information provided. Approved from my end.
Regards

Dr. Caroline J. Magri

MD, MRCP (UK), FEFIM, MPhil (Melit), M. Int. Cardiol. (UniSR), MSc (Brighton), PhD (Melit), FESC, PG Cert EBM, MSc Healthcare Management &
Leadership, FRCP (Edin)

Consultant Cardiologist

Research Lead, Office of the Medical Director, Mater Dei Hospital

Lead Clinician in Research in Cardiology, Mater Dei Hospital

Visiting Senior Lecturer University of Malta

Reader (~ Associate Professor) in Cardiology, Queen Mary University of London Malta Campus

From: Francesca Xuereb <francesca.xuereb.19@um.edu.mt>

Sent: Saturday, August 2, 2025 09:46

To: Magri Caroline Jane at MHA - MDH <caroline-jane.magri@gov.mt>; CEO at MHA - MDH <ceo.mdh@gov.mt>
Cc: Carl James Debono <carl.debono@um.edu.mt>; Francis Zarb <francis.zarb@um.edu.mt>

https://mail.google.com/mail/u/1/?ik=364a4c6555&view=pt&searc...pl=msg-f:1839593412201799249&simpl=msg-a:r1243598689259675017 Page 2 of 4
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Subject: Re: FW: Seeking permission to conduct a research study at the Medical Imaging Department

Dear Dr Magri
Kindly also find the questionnaire attached.

Best regards
Francesca Xuereb

On Fri, 1 Aug 2025 at 08:32, Francesca Xuereb <francesca.xuereb.19@um.edu.mt> wrote:
Dear Dr Magri
| hope this email finds you well. My name is Francesca Xuereb, and | am a radlographer currently pursuing an M.Sc. in Dlgltal Health at the University 01 Malta. As part of the course

requirements, | am conducting a research study entitled “Artificial Intelligence in Breast Positioning and Quality A in Screening N ", under the supervision of Prof
Carl Debono and Prof Francis Zarb (cc'd). For this reason, | am kindly seeking your approval to be able to conduct this study at the Medical Imagmg Depanment

One of the aims of this research study is to conduct a

working at the mammography unit at Mater Dei Hospital, to explore their perceptions,

acceptance, and concerns regarding the use of artificial i I in breast p
Particip will be ited through an i iary (Mr Victor Micallef), who will forward an invitation email to radiographers currently working in the mammography unit at Mater Dei
Hospital. This email will contain the participant information sheet and a link to the anony online

Participation in this study is completely voluntary, and participants are free to accept or refuse to take part without giving a reason. Anonymity and confidentiality will be assured and
maintained throughout the entire study, and any data collected will be solely used for the purpose of this study.

The data collection period is anticipated to take place sometime between August and September 2025 and is to take approximately 4 weeks.
Sindly.fi . inf . DPO! .

Should you have any questions, please do not hesitate to contact me at francesca.xuereb.19@um.edu.mt or my supervisors, Prof Carl Debono at carl.debono@um.edu.mt or Prof
Francis Zarb at francis.zarb@um.edu.mt

Many thanks in advance. | look forward to your reply.

Best regards
Francesca Xuereb

Quoted text hidden)

CEO at MHA - MDH <ceo.mdh@gov.mt> 5 August 2025 at 07:49
To: Francesca Xuereb <francesca.xuereb.19@um.edu.mt>, CEO at MHA - MDH <ceo.mdh@gov.mt>
Cc: Carl James Debono <carl.debono@um.edu.mt>, Francis Zarb <francis.zarb@um.edu.mt>

Dear Ms Xuereb,

Your study entitled “Artificial Intelligence in Breast Positioning and Quality Assurance in Screening Mammography’ is
being approved on behalf of Ing. Keith Attard, CEO, Mater Dei Hospital.

Kindly make sure to ascertain that the guidelines provided by DPO are fully adhered to and ethical clearance is sought.

Good luck in your studies.

Quoted text hidden]

2 attachments
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Appendix E: Permission and Approval from the Research

Ethics Committee of the Faculty of ICT

University of Malta Mail - The status of your REDP form (ICT-2025-00134) has been updated to Approved 10/11/2025, 09:08

L-Universita
ta' Malta Francesca Xuereb <francesca.xuereb.19@um.edu.mt>

The status of your REDP form (ICT-2025-00134) has been updated to Approved

1 message

form.urec@um.edu.mt <form.urec@um.edu.mt> 26 August 2025 at 11:27
To: francesca.xuereb.19@um.edu.mt

Dear Francesca Xuereb,
Please note that the status of your REDP form (ICT-2025-00134) has been set to Approved.

This status change was accompanied by the following explanation/justification: Dear Student, Please note that
your application has been approved and reviewed by FREC. Best regards, FREC Secretary

You can keep track of your applications by visiting: https://www.um.edu.mt/research/ethics/redp-form/frontEnd/.

**This email has been automatically generated by URECA. Please do not reply. If you wish to
communicate with your F/REC please use the respective email address.**

https://mail.google.com/mail/u/0/?ik=364a4c6555&view=pt&search...d=thread-f:1841509623716190499&simpl=msg-f:1841509623716190499 Page 10f 1
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Appendix F: HRNet Ablation Study and Final Model Configuration

o0
E leaderboard.csv X

results ) [ {RNet_sweep > H

trial,min_val_loss,ang_deg_mean,mm_perp_mean,pretrained,hrnet_variant, learning_rate,max_1lr,w,epsilon,weight_decay, head_hidden,batch_size, seed
hrnet_sweep_7242_s22,0.0493089312314987, , , True, hrnet_w18,0.0002,0.0003,3.0,2.0,0.0,128,4,22
hrnet_sweep_7242_s11,0.050348702892661, ,,True,hrnet_w18,0.0002,0.0003,3.0,2.0,0.0,128,4,11
hrnet_sweep_7242_s33,0.051373846232891, ,,True,hrnet_w18,0.0002,0.0003,3.0,2.0,0.0,128,4,33
hrnet_sweep_1349_s33,0.0520133321732282, , , True, hrnet_w18,0.0001,0.0005,3.0,2.0,0.01,128,4,33
hrnet_sweep_1349_s11,0.0528669203445315, ,,True,hrnet_w18,0.0001,0.0005,3.0,2.0,0.01,128,4,11
hrnet_sweep_3496_s11,0.0540814824029803, , ,True,hrnet_wl8,0.0002,0.0005,3.0,2.0,0.01,128,4,11
hrnet_sweep_1349_s22,0.0549133439734578, , , True,hrnet_w18,0.0001,0.0005,3.0,2.0,0.01,128,4,22
hrnet_sweep_3428_s11,0.0758059249073267, , ,False,hrnet_w18,0.0002,0.0003,3.0,2.0,0.0,128,4,11
hrnet_sweep_3428_s33,0.08156831972301, , ,False,hrnet_w18,0.0002,0.0003,3.0,2.0,0.0,128,4,33
hrnet_sweep_3428_s22,0.0820971531420946, , ,False,hrnet_w18,0.0002,0.0003,3.0,2.0,0.0,128,4,22
hrnet_sweep_6487_s33,0.0872301337122917, , ,False,hrnet_wl8_small_v2,0.0001,0.0005,3.0,2.0,0.05,64,8,33
hrnet_sweep_6487_s11,0.0886288583278656, , ,False,hrnet_w18_small_v2,0.0001,0.0005,3.0,2.0,0.05,64,8,11
hrnet_sweep_4827_s33,0.0931252482533454, , ,False,hrnet_w18_small_v2,0.0002,0.0005,3.0,2.0,0.0,128,8,33
hrnet_sweep_6487_s22,0.0935893768072128, , ,False,hrnet_wl8_small_v2,0.0001,0.0005,3.0,2.0,0.05,64,8,22
hrnet_sweep_4827_s11,0.095053032040596, , ,False,hrnet_wl8_small_v2,0.0002,0.0005,3.0,2.0,0.0,128,8,11
hrnet_sweep_4940_s22,0.096391042470932, ,,True,hrnet_w18_small_v2,0.0001,0.0003,5.0,2.0,0.0,64,8,22
hrnet_sweep_4940_s33,0.0976430785655975, , ,True,hrnet_w18_small_v2,0.0001,0.0003,5.0,2.0,0.0,64,8,33
hrnet_sweep_8313_s11,0.0983010925352573, ,, True,hrnet_w18,0.0002,0.0003,3.0,1.0,0.0,128,4,11
hrnet_sweep_8313_s22,0.0985666342824697, ,,True,hrnet_w18,0.0002,0.0003,3.0,1.0,0.0,128,4,22
hrnet_sweep_4940_s11,0.1012581652402877,,,True,hrnet_wl8_small_v2,0.0001,0.0003,5.0,2.0,0.0,64,8,11
hrnet_sweep_4827_s22,0.1035591813921928, , ,False,hrnet_w18_small_v2,0.0002,0.0005,3.0,2.0,0.0,128,8,22
hrnet_sweep_8313_s33,0.1037944990396499, ,,True,hrnet_w18,0.0002,0.0003,3.0,1.0,0.0,128,4,33
hrnet_sweep_4460_s11,0.1120396098494529, , ,True,hrnet_w18_small_v2,0.0002,0.0003,3.0,1.0,0.05,128,8,11
hrnet_sweep_4460_s22,0.1129324775934219, ,,True,hrnet_wl8_small_v2,0.0002,0.0003,3.0,1.0,0.05,128,8,22
hrnet_sweep_4460_s33,0.113908739387989, ,,True,hrnet_w18_small_v2,0.0002,0.0003,3.0,1.0,0.05,128,8,33
hrnet_sweep_8593_s33,0.1551674339175224, , ,False,hrnet_w18,0.0001,0.0005,3.0,1.0,0.0,64,4,33
hrnet_sweep_8593_s11,0.1568131905794143, , ,False,hrnet_w18,0.0001,0.0005,3.0,1.0,0.0,64,4,11
hrnet_sweep_8593_s22,0.1629505978524685, , ,False,hrnet_wl8,0.0001,0.0005,3.0,1.0,0.0,64,4,22
hrnet_sweep_4185_s33,0.1637551794946193, , ,False, hrnet_w18,0.0002,0.0005,5.0,1.5,0.05,64,4,33
hrnet_sweep_4185_s11,0.1660063116252422, , ,False,hrnet_w18,0.0002,0.0005,5.0,1.5,0.05,64,4,11
hrnet_sweep_4185_s22,0.1732077297568321, , ,False,hrnet_w18,0.0002,0.0005,5.0,1.5,0.05,64,4,22
hrnet_sweep_8566_s11,0.2158977496623993, ,,False, hrnet_w18_small_v2,0.0002,0.0003,5.0,1.5,0.01,128,8,11
hrnet_sweep_8566_s22,0.2160154795646667, , ,False,hrnet_wl8_small_v2,0.0002,0.0003,5.0,1.5,0.01,128,8,22
hrnet_sweep_8566_s33,0.2210547471046448, , ,False,hrnet_w18_small_v2,0.0002,0.0003,5.0,1.5,0.01,128,8,33
hrnet_sweep_5781_s11,0.314399670958519, , ,False,hrnet_w18_small_v2,0.0001,0.0003,5.0,1.0,0.05,64,8,11
hrnet_sweep_5781_s33,0.3194258600473404, , ,False,hrnet_wl8_small_v2,0.0001,0.0003,5.0,1.0,0.05,64,8,33
hrnet_sweep_5781_s22,0.3293409532308578, , ,False,hrnet_w18_small_v2,0.0001,0.0003,5.0,1.0,0.05,64,8,22
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Figure F.1: Stage-1 screening sweep (broad search over variants and hyperparameters; 30 epochs; min-val-loss checkpoint).
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E leaderboard.csv ~/../HRNet_ablate X

regression RNet_ak m".. poara.c
krial,val_loss_min,mm_perp_mean,ang_deg_mean,optimizer,scheduler,weight_decay,hrnet_variant,head_hidden,alpha,beta,gamma,batch_size,1earning_rate,max_lr,pretrained
B_adamw_cosine,0.047621884693702,4.83, ,adamw,cosine,.0,hrnet_w18,128,1.0,1.0,1.0,24,0.0002,0.0003, True
E_loss_1_1_1,0.0663645751774311,6.97, ,adamw, cyclic,.0,hrnet_w18,128,1.0,1.0,1.0,24,0.0002,0.0003, True
A_variant_w18,0.0702134147286415,8.19, ,adamw, cyclic,0.0,hrnet_w18,128,1.0,1.0,1.0,24,0.0002,0.0003, True
D_head_128,0.0705683736337555,6.36, ,adamw, cyclic,®.0,hrnet_wi18,128,1.0,1.0,1.0,24,0.0002,0.0003, True
C_wd_0p01,0.0715786988536516,8.63, ,adamw, cyclic,0.01,hrnet_w18,128,1.0,1.0,1.0,24,0.0002,0.0003, True
D_head_64,0.0718153710994455,6.7, ,adanw, cyclic,®.0,hrnet_w18,64,1.0,1.0,1.0,24,0.0002,0.0003, True
C_wd_0p05,0.0759388647145695,7.0, ,adamw, cyclic,@.05,hrnet_w18,128,1.0,1.0,1.0,24,0.0002,0.0003, True
B_adam_cyclic,0.0776823850141631,8.96, ,adam, cyclic,0.0,hrnet_w18,128,1.0,1.0,1.0,24,0.0002,0.0003,True
A_variant_smallv2,0.0837717842724588,7.31,,adamw,cyclic,0.0,hrnet_w18_small_v2,128,1.0,1.0,1.0,24,0.0002,0.0003,True
E_loss_1p2_1p@_1p0, 0.0847227250536282,10.63, ,adamw, cyclic,0.0,hrnet_w18,128,1.2,1.0,1.0,24,0.0002,0.0003, True
C_wd_0p00,0.085060942504141,12.58, ,adamw, cyclic,0.0,hrnet_w18,128,1.0,1.0,1.0,24,0.0002,0.0003, True
E_loss_1p5_1p5_1p0, 0.1144853085279464,7.3, ,adamw, cyclic,0.0,hrnet_w18,128,1.5,1.5,1.0,24,0.0002,0.0003, True
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Figure F.2: Focused factor ablation to select Stage-2 finalists (controlled comparisons of backbone, pretraining, head width,
optimiser, scheduler; 30 epochs; min-val-loss checkpoint).




=] E aggregate finalists_eval mean_std.csv X M

project > results > re n RNet_final > B aggre

"('trial', '')","('mm_perp_mu', ‘mean')","('mm_perp_mu', ‘'std')","('ang_mu', 'mean')","(‘'ang_mu', 'std')","('man_accuracy', 'mean')","('man_accuracy', 'std')","('man_f1_bad', 'mean')","('man_f1_|
hrnet_sweep_1349_s11_s11,4.9235975138947445, ,2.290826746595525,,0.76, ,0.6842105263157895, ,0.875, ,0.8571428571428571,
hrnet_sweep_1349_s11_s22,4.321116506338625, ,2.179185539242729, ,0.84,,0.7647058823529411, ,0.935,,0.9182389937106918,
hrnet_sweep_1349_s11_s33,4.863856700033952, ,2.332659429518839, ,0.855, ,0.7819548872180451, ,0.94,,0.9230769230769232,
hrnet_sweep_1349_s11_s44,4.578240219519351, ,2.2742285889619778, ,0.835, ,0.762589928057554, ,0.94, ,0.925925925925926,
hrnet_sweep_1349_s11_s55,141.55972476686992, ,15.72859836639724, ,0.73,,0.0,,0.615, ,0.0,
hrnet_sweep_3496_s11_s11,4.328448579259744,,2.2876053197244706, ,0.825, ,0.7482014388489209, ,0.94, ,0.925925925925926,
hrnet_sweep_3496_s11_s22,4.670444078498755, ,2.28557601598489, ,0.825,,0.75177304964539, ,0.9, ,0.8780487804878049,
hrnet_sweep_3496_s11_s33,9.843342199400125, , 3. 004983857002127, ,0.785, ,0.3384615384615385, ,0.66, ,0.2272727272727272,
hrnet_sweep_3496_s11_s44,4.443441527855372, ,2.224312939959128, ,0.8, ,0.7222222222222222,,0.895, ,0.874251497005988,
hrnet_sweep_3496_s11_s55,4.832520238856123, ,2.464215082782036, ,0.88, , 0.8032786885245902, ,0.905, ,0.8689655172413793,
hrnet_sweep_7242_s11_s11,4.804329734819479, ,2.3238833158582004,,0.87,,0.796875,,0.935, ,0.913907284768212,
hrnet_sweep_7242_s11_s22,4.476492605314772, ,2.1830392998973567,,0.82, ,0.7464788732394366, ,0.925, ,0.9090909090909092,
hrnet_sweep_7242_s11_s33,4.5373414244086, ,2.255571684121996, ,0.82, ,0.7464788732394366, ,0.925, ,0.9090909090909092,
hrnet_sweep_7242_s11_s44,4.19712419744502, ,2.202861575501248, ,0.89, ,0.828125,,0.945, ,0.9271523178807948,
hrnet_sweep_7242_s11_s55,4.502442258780587, ,2.382296230115327, ,0.835, ,0.7659574468085106, ,0.93, ,0.9146341463414634,
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Figure F.3: Stage-2 finalists (300-epoch refits; seeds {11, 22, 33, 44, 55}). Cross-seed mean SD on the held-out Test set. Winner
selected by lowest mean perpendicular error (tie-breaker: pectoral angle). Checkpoints within each run chosen by minimum
validation loss.




{} WINNER_config.json

RNet_fina {} WINNER_c

"model_type": "HRNet",

"hrnet_variant": "hrnet_w18",

"pretrained": true,

"head_hidden": 128,

‘pool_hw": 16,

"split_file": "/workspace/dissertation-breast-positioning/data/frozen/repo512_v1/regression_set.csv",
"details_file": "/workspace/dissertation-breast-positioning/data/frozen/repo512_v1/transformation_details.csv",
"base_image_dir": "/workspace/preproc_repo512",

"batch_size": 24,

"num_epochs": 300,

"learning_rate": 0.0002,

"optimizer": "adamw",

"weight_decay": 0.0,

"'scheduler": "cyclic",

"base_lr": 1le-05,

"max_1lr": 0.0003,

"'step_size_down": 50,

"w': 3.0,

"epsilon": 2.0,

"alpha": 1.0,

"beta": 1.0,

"'gamma": 1.0,

"device": "cuda",

"target_task": "all",

"'seed": 44,

"best_model_path": "/workspace/project/checkpoints/hrnet_sweep_7242_s11_full_s44_best.pth"

Review next file

Figure F.4: HRNet final model configuration (cosine), representative seed (s11). Manifest shows backbone, head size, optimiser and
weight decay, LR schedule and ranges, batch size, Wing-loss params, and file paths. Manifests for s22/s33/s44/s55 are the same
aside from seed and checkpoint filename.




Appendix G: Hyperparameter Search with Optuna (ResNeXt-50, ConvNeXt-Tiny,

EfficientNet-B3).
ResNeXt-50
RESNEXT50 — Optuna optimization history RESNEXT50 — Best-trial learning curve (trial_10_curve.csv)
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Figure G.1: ResNeXt-50-Optuna optimisation history. Validation
PR-AUC (Bad) vs trial number (30 trials; TPE + MedianPruner,
warm-up = 5).

Figure G.2: ResNeXt-50-Best-trial learning curve. Validation PR-
AUC (Bad) across epochs for the best trial (dashed line marks
best epoch).
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Table G.1: ResNeXt-50-Best hyperparameters selected by Optuna (used for 5-seed refit).

Hyperparameter Value

batch_size 8
Ir 594 x 10~*
weight_decay 1.17 x 1077

label_smoothing 0.0845

base_Ir 1.21 x 1073
max_Ir 6.60 x 1074
step_size_down 10

use_class_weights | true

use_focal false
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ConvNeXt-Tiny

CONVNEXT_TINY — Optuna optimization history

0.9 1

0.8 1

0.7 1

0.6 1

Validation PR-AUC (Bad)

0.5 1

0.4

5 10 15 20 25 30
Trial number

Validation PR-AUC (Bad)

CONVNEXT_TINY — Best-trial learning curve (trial_21_curve.csv)
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Figure G.3: ConvNeXt-Tiny-Optuna optimisation history.
Validation PR-AUC (Bad) vs trial number (30 trials; TPE +

MedianPruner, warm-up = 5).

Figure G.4: ConvNeXt-Tiny-Best-trial learning curve. Validation
PR-AUC (Bad) across epochs for the best trial (dashed line

marks best epoch).
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Table G.1: ConvNeXt-Tiny-Best hyperparameters selected by Optuna (used for 5-seed refit).

Hyperparameter | Value

batch_size 8
Ir 146 x 107*
weight_decay 6.15 x 1078

label_smoothing | 0.0583

base_Ir 228 x 107°
max_Ir 6.58 x 1074
step_size_down 8

use_class_weights | Yes

use_focal No
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EfficientNet-B3

EFFICIENTNET_B3 — Optuna optimization history

0.9 | ° * *
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Trial number

Figure G.5: EfficientNet-B3-Optuna optimisation history.
Validation PR-AUC (Bad) vs trial number (30 trials; TPE +

MedianPruner, warm-up = 5).
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EFFICIENTNET_B3 — Best-trial learning curve (trial_21_curve.csv)
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Figure G.6: EfficientNet-B3-Best-trial learning curve. Validation
PR-AUC (Bad) across epochs for the best trial (dashed line

marks best epoch).
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Table G.2: EfficientNet-B3-Best hyperparameters selected by Optuna (used for 5-seed refit).

Hyperparameter | Value

batch_size 12

Ir 6.62 x 107*

weight_decay 1.01 x 107°

label_smoothing | 0.0905

base_Ir 2.94 x 107°

max_Ir 6.82 x 1074

step_size_down | 10

119



Appendix H: Split Generation and Leakage Audit

¥ cls_split_audit.md X

User rancescaxueret Jocument IS ation-Dt

1 # Classification split audit (SOP-level)

## Counts per split
| Split | Count |
[——-—:]

| Test | 200 |

| Train | 1600 |

| validation | 200 |

## SOP uniqueness & overlaps
- Train n Validation: sx@%x
- Train n Test: *k@%k

- Validation n Test: *k@%k

@ sNo SOP-level leakage across splits.kx

## Proxy check: SeriesDescription overlap
- Train n Validation: k2%

— Train n Test: k2%

- Validation n Test: sk2%k

## Study-level note
Frozen repo CSVs do not include a Study identifier, so xkstudy-level leakage cannot be directly assessedxkx without an external SOP-Study mapping.

Figure H.1: Split generation and leakage audit (SOP-level).

Counts per split and automated checks show O UID overlaps and O duplicate file paths across Train/Validation/Test. A proxy
SeriesDescription overlap check also reported no cross-split duplicates. Study/Patient IDs were not available, so study-level leakage could
not be directly assessed.
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Appendix I: Cross-seed landmark-error summaries (bar
charts)

Each chart reports cross-seed mean +SD of test landmark errors for one model (seeds {11,
22, 33, 44, 55}; test set n = 200). Bars are the mean of seed-wise test means; error bars are
the SD across seeds. Endpoints are Perp, Pecl, Pec2, Nipple (mm) and Angular (°). Lower bars
indicate better localisation accuracy; shorter error bars indicate greater run-to-run stability.

U-Net — Cross-seed Mean * SD (from seed-wise means)

Mean =+ SD (across seeds)

Perp Pecl Pec2 Nipple Angular

Figure 1.1: U-Net. Cross-seed test landmark errors (mean + SD across five seeds).
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AttUNet — Cross-seed Mean = SD (from seed-wise means)

Mean * SD (across seeds)

Perp Pecl Pec2 Nipple Angular

Figure 1.2: Attention U-Net. Cross-seed test landmark errors (mean = SD across five seeds).

CoordUNet — Cross-seed Mean + SD (from seed-wise means)

Mean =+ SD (across seeds)

Perp Pecl Pec2 Nipple Angular

Figure 1.3: CoordAtt U-Net. Cross-seed test landmark errors (mean + SD across five seeds).
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ResNeXt50 — Cross-seed Mean + SD (from seed-wise means)

Mean =+ SD (across seeds)

Perp Pecl Pec2 Nipple Angular

Figure 1.4: ResNeXt-50. Cross-seed test landmark errors (mean * SD across five

. Y

HRNet (B_adamw_cosine_full) — Cross-seed Mean + SD

Mean =+ SD (across seeds)
w

Perp Pecl Pec2 Nipple Angular

Figure 1.5: HRNet. Cross-seed test landmark errors (mean * SD across five seeds).
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Appendix J: Error Distributions, Outlier Rates, and
Statistical Tests

Figure J.1-Figure J.5 present per-image error distributions for the representative seed
of each model on the same 200 test images. Endpoints are Perp, Pec1, Pec2 and Nipple
in millimetres, and Angular in degrees. Boxes show quartiles with the median; whiskers
extend to 1.5 x IQR; outliers are plotted as points. Axes and units are identical across
models to enable direct visual comparison. Outlier fractions per endpoint are

summarised in Table J.1.

U-Net — s55 (per-image errors; whiskers=1.5xIQR; outliers shown)
(n =200)

ICDOOCQI) (0]

N
o
oOa@o

]

30 - _g_ o
4 4
Nl . . = ==

Perp (mm) Pecl (mm) Pec2 (mm) Nipple (mm) Angular (°)

Figure J.1: Per-image error distributions for UNet (s55); outliers shown.
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Attention U-Net — s44 (per-image errors; whiskers=1.5xIQR; outliers shown)
(n = 200)

JfDIDO@OO o

10 A E ?
0 T : T T T
Perp (mm) Pecl (mm) Pec2 (mm) Nipple (mm) Angular (°)

Figure J.2: Per-image error distributions for Attention U-Net (s44); outliers shown.

CoordAtt U-Net — s22 (per-image errors; whiskers=1.5%IQR; outliers shown)
(n =200)

L :

Perp (mm Pecl (mm) Pec2 (mm) Nipple (mm) Angular (°)

Figure J.3: Per-image error distributions for CoordAtt U-Net (s22); outliers shown.
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ResNeXt-50 — s44 (per-image errors; whiskers=1.5xIQR; outliers shown)

(n =200)
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Figure J.4: Per-image error distributions for ResNeXt-50 (s44); outliers shown.

HRNet — s22 (per-image errors; whiskers=1.5XIQR; outliers shown)
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Figure J.5: Per-image error distributions HRNet (s22); outliers shown.
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Table J.1: Fraction of test images flagged as outliers (beyond 1.5xIQR) per endpoint
and model; representative seeds; n=200. Values are percentages.

Model Perp (%) | Pecl (%) | Pec2 (%) | Nipple (%) | Angular (%)
s22 7.5 7.5 6.5 3.0 8.5
CoordAtt U-Net s22 9.0 8.0 6.5 5.0 7.0
Attention U-Net s44 8.0 7.5 5.0 5.0 4.5
ResNeXt-50 s44 5.0 7.0 3.0 1.5 3.5
U-Net s55 55 4.0 3.0 55 3.0

Outliers are defined per endpoint using the Tukey 1.5 x IQR rule. These rates reflect
tail heaviness rather than central performance. Across models and endpoints, the
fraction flagged is modest (ranging from 1.5-9%). HRNet shows a lower outlier fraction
at the nipple (3.0%) and comparable or lower fractions for Perp/Pecl relative to
CoordAtt U-Net (Perp 7.5% vs 9.0%; Pecl 7.5% vs 8.0%), consistent with the paired
boxplots and Wilcoxon comparisons. ResNeXt-50 exhibits relatively few outliers but
higher medians/means in the main tables, illustrating that a light tail does not imply
better typical accuracy. U-Net shows mixed fractions and should be interpreted

alongside its larger central errors.

Table J.2: Paired Wilcoxon signed-rank tests comparing HRNet (s22) vs CoordAtt U-
Net (s22) on per-image errors (same 200 test images); Holm correction across the five
endpoints; effect size r from the normal approximation (r = z/v/N).

endpoint mean_hrnet mean_coordatt w p_raw p_holm r_effect

Perpendicular (mm) | 4.106883272576170 4.906890339911620 7289 0.0007547157628029960 0.0030188630512119800 -0.2382164875679140

Pec1 (mm) 5.707117155839540  6.364685081978660 8101 0.017401554342403100 0.052204663027209300 -0.16815788999270700
Pec2 (mm) 5.041479489364340 5.556156168221210 8345 0.037489760903243300 0.07497952180648650 -0.14710579909572400
Nipple (mm) 1.7535329737888300  2.791867575592320 3025 1.0197239319637E-17 5.0986196598185E-17  -0.6061104038988030
Angular (°) 2.1243299501417300 | 2.2984572042870400 8942 0.17639177071900800 0.17639177071900800 -0.09559719964695720
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Appendix K: Knowledge amongst Participants About Al

As shown in Table K.1, most participants reported basic knowledge of Al in
mammography (n=5), while two participants reported adequate knowledge, and one
reported minimal knowledge. None rated their knowledge as very good or non-
existent. This aligns with findings in the literature, where radiographers generally
demonstrate limited familiarity with Al technologies [77], [78], [85]. For example, in a
cross-sectional online quantitative survey conducted amongst European radiographers
(n=96), 64% of respondents identified the correct definition of Al from a set of options,
but only 37% demonstrated a clear understanding of the difference between Al, ML
and DL [85]. Based on these findings, a definite need for the implementation of Al
educational programmes amongst radiographers is highlighted to meet the

requirements of an Al-enabled era [85], [86].

Table K.1: Self-reported knowledge of Al in mammography on a 5-point scale.

Frequency Percentage
How much knowledge would you say you No knowledge 0 0.0%
have about Al in mammography on a 5- Minimal knowledge 1 12.5%
point scale? Basic knowledge 5 62.5%
Adequate knowledge 2 25.0%
Very good knowledge 0 0.0%

Seven of the eight participants reported no prior use of Al tools or applications within
their professional practice in mammography. The single affirmative response reflected
indirect exposure. In the free text field, the respondent also noted working in the
private sector, where Al is used by radiologists to support mammography reporting.
This response should therefore be interpreted cautiously and not as hands-on,
radiographer-operated use. Nonetheless, 7 out of 8 participants indicated prior
awareness that Al can be applied to assess breast positioning and image quality in
mammography, yet none had personally trialled or used such a system. This pattern
mirrors the current technological focus of the field. Most deployed Al applications in
mammography focus on lesion detection and classification, whereas positioning and

image-quality evaluation remain a comparatively underdeveloped domain, with limited
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implementation and variable reported performance, despite their importance for

effective breast cancer detection [9].
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Appendix L: Implications for Practice

To what extent do you believe an Al tool for breast positioning
and/or PGMI grading would benefit your clinical practice if
implemented?

[OModerately beneficial
@ Very beneficial
[DExtremely beneficial

Figure L.1: Pie chart demonstrating respondents’ perceived benefit
of an Al tool for breast positioning and/or PGMI grading in their
clinical practice.

As shown in Figure L.1, half of the respondents (n=4) rated the potential benefit of an Al tool
in clinical practice as “very beneficial”, with a further two rating it “extremely beneficial”, and
two “moderately beneficial”. Overall, the distribution indicates a positive expectation of
clinical value. Consistent with this, all participants (n=8) expressed interest in how to use Al
tools for breast positioning and/or PGMI grading, should training be available in the future.

In response to the optional open-ended question (‘Please share any additional comments or
suggestions regarding the integration of Al into breast positioning and image quality
assurance’), one respondent anticipated that Al support would substantially assist practice
and reduce positioning-related recalls. Two respondents, however, emphasised design
requirements, noting that any system must be sensitive to patient variability (for example,
wheelchair users, frozen shoulder, kyphosis). This aligns with published concerns that
algorithms trained on narrow datasets may not generalise to atypical presentations, risking a

I’I

“one-size-fits-all” application in situations that demand nuanced judgement [87]. The
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implication is that any deployments should retain human-in-the-loop control and incorporate
safeguards: local validation on diverse cases, configurable thresholds, clear uncertainty or

‘out-of-distribution’ flags and an explicit override pathway.

Taken together, the findings point to a pragmatic adoption pathway: deliver hands-on
training, integrate tools seamlessly into the existing workflow, provide transparent local
performance data, and ensure radiographers retain authority to adapt positioning to
individual patient needs. Such an approach is most likely to build confidence, reduce
unwarranted variability, and improve image quality without compromising care for complex

cases.
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