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Abstract
Aims

The aim of this thesis was to investigate various characteristics influencing the diagnostic
performance of radiologists in mammography interpretation and their implications for
improving diagnostic efficacy and early detection of breast cancer. The thesis initially focused
on expert determined difficulty and whether this subjective evaluation aligned with an
objective measure based on reader performance. After exploring the current practices used to
develop test sets, we explored reader-based and image-based characteristics on mammography
interpretation, which then further employed quantised textural analysis to assess how image

textures impact reader performance.
Methods

The studies primarily used linear mixed modelling to evaluate performance accuracy from a
total of 479 Australian radiologists participated in this study on all 120 cancer cases available
from BREAST was extracted. The initial study only used 165 readers and one test set, while
the other two used all the available six test sets and 479 reader’s performance. A multivariate
model analysis used in the second study created three models using case-based characteristics,
reader-based characteristics, and mixed-characteristics. The final study used radiomics
analysis, where the cancer cases were segmented using MatLab with ground truth and
annotations provided by BREAST. The pathology was segmented and the mammography’s

pathology region of interest in the pathology cases.
Results

Expert-predetermined difficulty in breast cancer cases was found to be influenced by breast
density classification and whether the cases were normal or cancer-positive. However, there
was no significant difference observed between the actual difficulty of cases as determined by
reader performance and the expert-predetermined difficulty. The study also indicated that

around 10 readers were sufficient to establish a reliable difficulty metric.

In the second study, in normal cases, image-based characteristics played a significant role in
determining the expert-determined difficulty, with decreasing performance as the difficulty
increased. In the reader-based characteristics model, the interpretation of weekly cases and the

xi



reader's specialization were found to be significant. However, in cancer cases, none of the
image-based characteristics were found to be significant. Only the years of experience in the
specialty showed significance, with increasing years correlating with improved performance.
A mixed model analysis revealed that expert-determined difficulty was significant, with
increasing difficulty leading to reduced reader performance. Additionally, the number of cases

interpreted per week was also significant in influencing reader performance.

Regarding the detection of different types of cancer using quantised features compared to non-
quantised textural features, Haralick quantization method demonstrated the detection of
calcifications more easily. However, stellate masses with non-specific densities performed
better than spiculated masses alone. Other methods like Compact GLDM and Statistical
Feature Matrix supported previous findings, showing better detection rates for spiculated
masses compared to stellate masses with non-specific densities. The findings revealed that
expert-predetermined difficulty and the number of cases interpreted weekly consistently
impacted performance. Higher difficulty levels resulted in reduced performance, whereas an
increased number of cases interpreted positively influenced performance.

Conclusion

The thesis demonstrated the significance of expert-predetermined difficulty, cases interpreted
weekly, and reader- and image-based characteristics in mammography interpretation. It
underscores the importance of these factors in determining performance outcomes and
emphasizes the need for continued exploration of texture-based radiomic analysis to unlock
further insights into the relationship between cancer characteristics and diagnostic efficacy.
These findings contribute to the ongoing efforts to enhance screening and diagnostic practices,

ultimately improving patient outcomes in breast cancer detection and management.
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Chapter One
Introduction



1.1 Understanding the Research Problem Addressed by this Thesis

1.1.1 Introduction to BreastScreen Australia

Mammography has been shown to be an essential tool in breast cancer detection. Breast cancer
is the most frequent cancer in women and the second most common cancer globally(1).
Approximately 1.67 million new cases were recorded in 2012, accounting for one-quarter of
all cancer diagnoses (1). Furthermore, breast cancer is the most common cancer in women
worldwide and ranks fifth in terms of total cancer-related deaths, claiming the lives of 522,000
people. Breast cancer is currently the most common cancer in women in Australia. The number
of newly diagnosed cases in the country has more than doubled over the last three decades,
rising from 5,310 to 13,567 (2).

Screening mammography initiatives have played a critical role in improving the well-being and
healthcare of women globally, especially since the introduction of BreastScreen Australia for
Australian women in 1991 (3). This nationwide breast screening project has been extremely
beneficial to women because it allows for the early diagnosis of potentially malignant breast
anomalies, leading to more successful treatment outcomes. The screening mammography
participation rate among eligible Australian women aged 50 to 74 years was 54.8% between
2018 and 2019, maintaining a consistent level with a modest increase from the 53.7% rate
reported between 2014 and 2015 (4). The National Accreditation Standards (NAS) of
BreastScreen Australia aim to achieve a minimum participation rate of 70% for eligible women

in the targeted age range.

Breast cancer has caused fewer deaths among Australian women in recent years. Early
identification of breast cancer using mammography has been shown to significantly improve
survival chances (5). According to one study, women diagnosed with invasive ductal
carcinoma with smaller tumour sizes had a 90% probability of surviving more than five years
in 2015, compared to 72% between 1982 and 1987 (6). This increase in survival rates can be
attributed to the efficacy of mammography screening and recent advances in treatment
techniques. As a result, breast cancer mortality rates have decreased, with the number of deaths

per 100,000 women aged 50-69 in the general population falling from 68 in 1991 to 42 in 2012
(7).



Approximately 88% of services in Australia have the capacity to read 2,000 screening cases
within the program annually, according to national statistics (8). To ensure high-quality screen
reading, all BreastScreen readers are required to read a minimum of 2,000 mammographic
screening cases per year within the program. The annual total number of cases read by a reader
who screens at BreastScreen Services and/or screening and assessment centres (SCUs) are

added to calculate their overall performance.

BreastScreen Australia employs a two-view mammography strategy as part of the screening
process, which involves obtaining cranio-caudal and medio-lateral oblique radiographs. Within
a nationwide screening program, this screening technique has been demonstrated to be effective
in the early diagnosis of breast cancer. Typically, each client has four images taken as part of
a routine screening assessment (two cranio-caudal and two medio-lateral oblique). To ensure
comprehensive screening, additional projections may be required for women with larger

breasts.

1.1.2 Criticisms and Controversies around BreastScreen Program

While mammography can detect early signs of cancer and changes through routine screening,
it can also potentially introduce adverse outcomes such as overdiagnosis, false positive results,
and false negative findings (9, 10).

1.1.2.1 Ongoing debate: screening mammography and overdiagnosis

Overdiagnosis refers to the detection of cancers that may never progress to become clinically
significant. In breast cancer screening, it is estimated that out of every 1,000 women screened
over a 10-year period, five healthy women may be over-diagnosed with breast cancer. These
women may undergo unnecessary treatments or additional imaging. The rate of overdiagnosis
can be as high as 42% in women aged 50-59, raising significant concerns in breast screening

programs (9).

Another potential drawback of population-based screening mammography programs is the
false positive recall rate. False positive recalls occur when women are called back for further
assessment but are ultimately found not to have breast cancer. It has been estimated that the
cumulative risk of experiencing a false positive result, over the course of 10 biennial screening

tests, ranges from 8% to 21% for women aged 50-69 (11).



These factors, namely overdiagnosis and false positive recall rates, pose challenges and

potential harm to the success of screening mammography programs.

1.1.2.2 Criteria in guidelines for certifying the readers

To ensure quality in screening mammography, guidelines often incorporate reader
characteristics as a means of certifying individuals for independent reporting of mammograms
and maintaining their certification. The primary criterion used for certification is the volume
of mammograms interpreted per year. However, the specific minimum volume requirements
vary across countries, often driven by the need to deliver adequate services according to the
needs of their metropolitan and rural populations. For instance, the United States mandates a
minimum of 960 mammogram reads over a span of two years. In the United Kingdom and
other European countries, the minimum annual requirement is 5,000 mammogram reads. In
Australia, the minimum volume requirement for certification is 2,000 mammogram reads.
These variations reflect different national standards and guidelines implemented by each
country to ensure the expertise and proficiency of mammography readers (12).

To maintain the effectiveness and standards of the population screening mammography
program, BreastScreen Australia has implemented a quality improvement program. This
program is designed to comply with the National Accreditation Standards (NAS) and ensure
the delivery of high-quality services (8). To assess the program's progress in reducing
morbidity and mortality from breast cancer, various performance indicators and measures are
utilised. These include sensitivity, specificity, positive predictive value (PPV), and recall rates.
By regularly monitoring and evaluating these indicators, BreastScreen Australia can identify
areas for improvement and take appropriate measures to enhance breast cancer detection and

minimize associated health risks (8).

1.1.3. Solution 1 - Technological advancement in image acquisition

Previous studies has yielded conflicting results regarding the association between case
difficulty and breast density. Earlier research focused on film-based mammography and found
that as breast density increased, mammogram diagnostic performance decreased (13, 14). This
was due to the masking effect generated by radio-opaque structural features potentially
overlapping with pathology, resulting in decreased reader sensitivity (15, 16). However, new

research suggests that when utilising digital mammography instead of film-based



mammography, the masking effect of thick breasts is greatly reduced (15, 17). Some studies
even imply that experienced radiologists who use digital mammography may enhance their
performance as breast density increases due potentially to increased vigilance in those areas
(18).

1.1.4 Solution 2: Development of educational materials and Self-assessment modules

Radiologists often face cognitive biases and errors that can affect their decision-making
process. Meta-cognition, which refers to the awareness and understanding of one's own
cognitive processes and underlying reasons for errors, helps radiologists become aware of these

biases and consciously counteract them (19).

In the screening process, the radiologist can potentially face bias in their interpretation. These
biases include anchoring bias, where they rely too heavily on initial information; confirmation
bias, leading to selective interpretation; availability heuristic, based on easily accessible
information; satisfaction of search, prematurely ending an evaluation; premature closure,
rushing to a conclusion; inattentional blindness, missing unexpected findings; and hindsight
bias, viewing outcomes with undue certainty(20). All the aforementioned biases may lead to
incorrect diagnoses, resulting in compromised healthcare outcomes such as false negatives,
which can result in missing significant pathology, and false positives, which can lead to

unnecessary patient recalls or unnecessary treatments.

1.1.4.1 PERFORMS

In the United Kingdom, the Personal Performance in Mammographic Screening (PERFORMS)
system serves as a comparable self-assessment platform. It provides radiologists with expert
insights, established case pathology, peer opinions, and individualised training and quality
assurance (21). The PERFORMS system in the UK collects test set cases from screening
centres, along with the original radiologist and pathology reports. A panel of ten expert
radiologists scrutinizes key mammaographic features in each case, such as breast density and
the challenge of determining if the case should be included in PERFORMS (22, 23).

Both the UK PERFORMS, and the Australian BREAST platforms aim to replicate the real
clinical setting. However, to enhance the practicality of these platforms, the test sets need to be

deliberately oversampled with positive cases.



1.1.4.2 Breast Screen Reader Assessment Strategy (BREAST)

In Australia, a self-assessment tool called the Breast Screen Reader Assessment Strategy
(BREAST), created, and developed by medical imaging experts at the University of Sydney
and senior radiologists at BreastScreen New South Wales, has been utilised for quality training
in BreastScreen services since 2011. The BREAST system operates through an innovative web-
based application that provides radiologists with a range of performance scores and immediate,
personalised feedback on overlooked cancers and false-positive choices. The BREAST system
has gained the participation of 80% of breast screen radiologists throughout Australia and is
widely regarded as one of the most effective professional development tools for radiologists
(24). Immediate image-based feedback is provided after completing a test set, allowing
comparison of the radiologists' selection with the accurate results. There has been reported a
significant improvement in lesion sensitivity, ranging from 21% to 31% (24). Furthermore,
83% of radiologists reported enhanced performance in lesion sensitivity after their initial test.
Registrars notably improved in the third test compared to the first one, with an average rise in
lesion sensitivity of 79% (24).

In Australia, the Breast Screen Reader Assessment Strategy (BREAST) program has been
implemented as a training tool within the breast cancer screening program. This program offers
multiple test sets to help mammography readers evaluate and enhance their performance in

interpreting mammograms.

The test sets provided in the BREAST program typically consist of four digital mammograms,
representing both the left and right breasts in the medio-lateral oblique (MLO) and cranial
caudal (CC) projections. The mammograms and their details are de-identified to protect patient

privacy.

The cases included in the test sets are carefully selected to present a range of difficulties and
challenges to the participants. Cancer-positive cases in the test sets are confirmed through
biopsy, ensuring their accuracy. Conversely normal cases are determined through the
consensus reading of at least two experienced radiologists who review the cases following

negative screen reports by two clinical radiologists.



The selection of cases and their level of difficulty in the BREAST program are based on the
assessment of an expert radiologist. This ensures that the test sets provide valuable
opportunities for self-assessment, education, and training for the participating mammography
readers.

To assess and rate the cases, the readers utilize the breast imaging rating system developed by
the Royal Australian and New Zealand College of Radiologists (RANZCR). This rating system
assigns a grade ranging from 1 to 5 to each case, with each grade representing a different level
of suspicion for malignancy. The rating categories are as follows: 1 for "Normal,” 2 for

"Benign," 3 for "Equivocal,"” 4 for "Suspicious,” and 5 for "Malignant."”

The readers assign a score classification between 3 and 5 to indicate increasing confidence in
the malignancy of the marked area. If the reader does not identify any abnormalities, they
proceed to the next case by clicking "next case" on the platform. In such cases, the platform
automatically marks the case as RANZCR score 1, indicating a normal finding.

It is important to note that the readers are not aware of the prevalence or specific types of
cancers included in the test sets. This approach helps ensure unbiased evaluation and
interpretation of the cases, as the readers’ assessments are solely based on the provided images

and their clinical expertise.

1.1.5 Solution 3: Using Al Tools

Over the past two decades, significant developments have occurred in computer-aided
diagnosis systems and artificial intelligence (Al) tools aimed at assisting radiologists in
detecting and diagnosing breast cancer. These tools utilise textural features extracted from
mammograms to identify suspicious lesions. In 1998, the FDA granted clearance for computer-
aided detection to be used as an additional tool in mammography and it was subsequently
approved for reimbursement by the Centres for Medicare & Medicaid Services. However, a
notable study nearly a decade later (25) revealed that the older generation of computer-aided
detection tools, which relied on traditional machine learning methods, did not improve the

accuracy of mammography in routing clinical practice.

In contrast, recent Al tools based on deep learning have emerged, demonstrating significantly

higher levels of accuracy. In respective research studies, these advanced Al tools have matched



or even surpassed the average performance of breast radiologists (26). The utilisation of deep
learning algorithms has propelled the field forward, enabling more precise and reliable

detection of breast cancer.

Additionally, modern research related to artificial intelligence has a primary focus on using
parenchymal textural characteristics of the breast for pathology identification in machine-
driven studies and computer-aided diagnostic research (27). Although the potential of
computer-aided diagnosis and artificial intelligence is encouraging, there is a need for
standardization before integrating them into the regular diagnostic process for mammography

screening (28).

1.2 Knowledge Gap

Relying solely on technological advancements and the application of Al to improve image
accuracy is insufficient in addressing the challenges related to false positive and false negative
results (9, 10). Therefore, it is crucial to enhance the performance of readers who interpret
screening mammograms. One approach to achieve this is through the establishment of
guidelines that define the minimum requirements for becoming screen-readers. Among the
factors considered in these guidelines, reading volume, which refers to the number of screening
mammograms interpreted by an individual, holds significant importance. However, these
guidelines vary across different regions. For example, the minimum annual reading volume is
set at 480 cases in the US, 2000 in Australia and 5000 in some European countries. Hence, it
is essential to conduct a comprehensive literature review to determine the characteristics that
should be included in the guidelines and evaluate the existing evidence supporting these
guidelines. The first objective of this thesis — to identify the current literature in evaluating

reader performance, aims to address this gap.

Self-assessment modules are widely recognised as a key tool for enhancing the performance of
screen-readers. Currently, these modules rely on expert-determined case difficulty to curate the
test sets. However, it is uncertain whether expert-determined case difficulty accurately reflects
the actual difficulty of the cases. In this thesis, a large-scale study was conducted to investigate
whether expert-determined case difficulty is a suitable metric for estimating the actual case
difficulty.



To provide an objective assessment of case difficulty, the utilization of quantitative features
can be advantageous. While incorrect positioning or exposure is often attributed to missed
cancer diagnoses in mammography, previous research suggests that a comprehensive
investigation of other features is necessary (25). Among various factors, the impact of breast
density on diagnostic performance has been extensively studied. Some studies have indicated
that missed cancers on mammograms are more likely to occur in denser breasts (26), while
others have suggested that missed cancers tend to have lower density and smaller size compared
to easily detectable lesions. Limited data is available regarding the influence of other

radiographic appearances of the disease, such as overall lesion morphology and texture (25).

Previous studies have investigated the role of shape and boundary roughness in mass lesions
(1, 25, 29, 30). These studies have revealed that mammographic sensitivity may be
compromised if spiculation on the boundary and its roughness are not adequately considered.
While various quantitative shape-based radiomic features have been included in these studies
(31-33), the contribution of textural features to the difficulty of cancerous lesions has not been
examined. The final objective of this study, which is to use multi-reader multi-case analysis to

validate the impact case textural characteristics has on reader performance, aims to address this

gap.

Previous research has explored the use of texture features in mammography and breast MRI to
identify the risk of developing breast cancer based on the evaluation of parenchymal textures
extracted from these imaging modalities (31-33). Currently, parenchymal textural features of
the breast are primarily utilised in machine-driven identification and computer-aided diagnosis
studies (27). However, the association between parenchymal textural features and case
difficulty has not been explored. Additionally, different test sets may provide the most
educational value for different groups of readers based on their characteristics including
different levels of breast density combined with different lesions of varying sizes. Therefore, it
IS necessary to establish the association between readers, case characteristics, and case
difficulty.

1.3. Thesis Objectives and Research Goals

The overall aim of this thesis was to explore the current practices in educational materials and

quality control test sets for mammography interpretation education in Australia and determine



the reader and image factors that would impact a reader's performance in mammography
interpretation and screening. This thesis works to address this aim by establishing four main

objectives:

Obijective 1- Overview of the literature in evaluating reader performance (Chapter 2)

The first objective was to provide the foundation and context the thesis based on the current
literature on screening mammography. Specifically, it examined the current requirements used
by accreditation boards for accrediting mammography screening readers, along with other

reader characteristics and metrics commonly used in evaluating reader performance.

Obijective 2- Relationship between expert-determined case difficulty and actual case difficulty
(Chapter 3):

The second objective evaluated the current practices of mammography interpretation training
platform by examining how different image characteristics of mammography cases affect
perceived difficulty as determined by experts in a test set. Additionally, the study assessed
whether the predetermined difficulty assessment aligns with the actual performance of readers.
The study analysed various image characteristics such as breast density, lesion size, and lesion
type, to determine their impact on the perceived difficulty of the cases. It also compared the
experts' difficulty ratings with the actual performance outcomes of the readers to assess the
accuracy of the predetermined difficulty assessment. This study also examined the minimum
number of readers required to establish a reliable case difficulty measure and conducted

simulations to achieve a robust assessment of case difficulty.

Obijective 3 - Explore potential reader and case characteristics that impact reader performance
(Chapter 4):

The objective of this study was to examine the influence of reader-based and image-based
characteristics on reader performance in mammography interpretation. The study employed
linear modelling analysis to investigate the relationship between these factors. Reader-based
characteristics include factors such as experience, specialization, and training of
mammography readers. Image-based characteristics refer to the properties of mammography

images themselves, such as breast density, lesion characteristics (e.g., size, type), and image
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quality. Linear modelling analysis examined the relationship between reader-based and image-
based characteristics and their impact on reader performance. This statistical approach allows

for the incorporation of both fixed effects and random effects into the analysis.

Objective 4 - Using multi-reader multi-case analysis to validate the impact case textural

characteristics has on reader performance (Chapter 5):

This chapter aimed to explore the relationship between localised extracted textural features in
mammography and cancer characteristics and their impact on a radiologist's diagnostic
performance. The study involved the analysis of mammography images to extract textural
features in specific regions of interest, which may include measures of texture complexity and
heterogeneity. The study also accounted for cancer characteristics such as tumour size, type,
and region. Ridge regression modelling analysis assessed how specific textural features
correspond to different cancer characteristics and their potential interactions in influencing
radiologists’ diagnostic performance. The study investigated the impact of these features on

the accuracy of breast cancer diagnosis.

These objectives collectively contribute to a comprehensive investigation into mammography
interpretation and have the potential to inform improvements in reader education and training

and quality assurance in mammography screening programs.

1.4. Methodology and Research Approach

1.4.1 Reader Characteristics

As shown in Figure 1, before beginning the test set, participants in the BREAST program were
requested to complete a survey about their prior experience and training. This survey collected
information on the reader's characteristics, including age, gender, professional role (either a
trainee or radiologist), years of specialty experience, their specialization, the number of cases
interpreted per week, fellowship training, and whether the reader is employed in a breast
screening program. The collected information from these surveys were used to realise the third

and fourth objective of this thesis.
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Figure 1. Readers are required to fill in a demographic survey to collect reader characteristics

before exploring the test set.

1.4.2 Reader Performance

To assess the cases in the test set, readers were shown the MLO (Mediolateral Oblique) and
CC (Cranio-Caudal) views of both left and right breasts per case. The readers had the ability to
mark any perceived lesions on the image and utilised the Royal Australian and New Zealand
College of Radiologist’s (RANZCR) breast imaging rating system to grade the case. The rating
system ranges from 1 to 5, where 1 denotes 'Normal', 2 means 'Benign’, 3 is 'Equivocal’, 4 is
'Suspicious', and 5 signifies 'Malignant'. A score between 3 to 5 was used to demonstrate
increasing confidence in the malignancy of the marked area. The interface of the BREAST
platform for rating a case is shown in Figure 2.

Figure 2. Test set interface — Readers may select any region of the breast they believe have any
malignancy, once selected they are required to provide a RANZCR score, a score above 2

would require the reader to select the lesion type.
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If a reader did not find any abnormality, they would proceed to the "Next case”, and the system
automatically classified such cases as RANZCR score 1, which implies 'Normal'. Only the first
attempt by the reader at the test set was utilised. The readers were not informed about the
prevalence or types of cancers present in the test sets. Once completed a test set, the reader is

given immediate feedback on his/her performance (Figure 3).

Specificity 100%

Sensitivity 10%

ules you comectly identified versus the
slue = 0%, Max value = 100%) (Min

Lesion Sensitivity 0%
True Positive 2 The number of positive or sbnermal cases you called pasitive [Min value = 0}

False Positive 0 The number of negative or nermal cases you called pasitive (Min value =0)

True Negative 40 The number of negs

nermal cases you called negative (Min valus = 0)

rmal esses you cslled negative = Missed cancer

False Negative 18
ROC 0.564

JAFROC 0.488

Figure 3. Readers are given immediate feedback on their performance upon completing the
test set. If necessary, they may see the answers to compare their selection against the ground
truth.

1.4.3 BREAST Test Sets

A single test set from BREAST, comprising 60 mammography cases, was utilised for this
study. This included 20 cases confirmed to have cancer and 40 normal cases. The cancer-
positive cases exhibited a range of lesion sizes and appearances. Each case contained four
mammograms: the cranial-caudal and medial-lateral oblique projections of both left and right

breasts.

Additionally, breast density classification data was incorporated, categorised on a scale of 1-4
using the BI-RADS system. The categories were as follows: (1) fatty, (2) fibro-glandular

density, (3) heterogeneously dense, and (4) extremely dense.

The test set items were sourced from the Digital Breast Image Library of BreastScreen NSW.
Cancer cases were confirmed by surgical pathology, while negative cases were determined by

the agreement of at least two senior radiologists after an initial normal screen result by two
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readers. Ethics exemption has been granted for the studies in this thesis (Appendix A) and the
BAMC and approval for BREAST data’s use has been granted (Appendix B and C).

1.4.4 Expert Difficulty

The difficulty level of each case was evaluated by an expert radiologist who previously served
as the State Radiologist in BreastScreen New South Wales, Australia. To assign difficulty
levels, the expert retrospectively reviewed each case and rated the likelihood of a radiologist
potentially overlooking the pathology. The ratings ranged from 1-3, corresponding to 'Easy’,

'Intermediate’, and 'Difficult’ respectively.

1.4.5 Linear and Ridge regression modelling

Linear modelling is a statistical technique for analysing data that accounts for both fixed and
random factors in the model. The dependent variable is considered to have a linear relationship
with one or more independent variables in linear modelling. Additionally, the presence of

random effects allows for the incorporation of individual- or group-level variability.

The fixed effects are the relationships between the independent and dependent variables. These
effects, which indicate the average effect of the independent factors on the dependent variable,

are evaluated using classic regression methods.

The random effects capture the variation among levels, such as readers with varied features.
They account for the variation between individuals within the same group and the variation

between different groups is captured by random effects.

Linear modelling can be used to analyse clustered or longitudinal data in which observations
are associated in clusters or individuals through time rather than independent. Accounting for
random variables, linear models can provide more accurate estimates of fixed effects while also

accounting for data uncertainty.

Due to the natural composition of the breast, ridge regression is more effective in handling
multicollinearity, which is a situation where independent variables in a regression model are
highly correlated i.e., breast density in certain regions of the breast or potential interactions
with cancer lesions. High multicollinearity can make it challenging to identify the individual
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effect of each predictor variable. Ridge regression can help in stabilize coefficient estimates

and making them less sensitive to multicollinearity.

Given the nature of the BREAST platform, which includes test sets and cases with varying
image properties and reader performance with varying characteristics, linear modelling is an
ideal statistical approach. The code for the linear modelling can be referred to in Appendix G

and Ridge Regression’s in Appendix H.

1.5. Significance and Contribution of the Thesis

This thesis holds significant importance and makes substantial contributions to the field of

mammography education. These include:

1) Large scale study: This research stands out as one of the largest studies conducted in evaluating
readers and test set images in mammography. With a dataset spanning several years and involving a
substantial number of radiologists and case readings, the study ensures robustness and generalizability
of the findings. The dataset used includes the reader performance between 2015-2021. In the dataset,
479 radiologists have completed the selected test set. All images and radiologist’s data provided
were anonymous and de-identified.

In terms of mammography test sets, A total of six test sets with a total of 60 mammography
cases each from the BREAST platform were used. Each test set consisted of 20 cancer-positive
cases and 40 normal cases. The cancer-positive cases had a variety of lesion sizes and
appearances confirmed by biopsy. Normal cases were confirmed as normal based on a two-
year follow-up. Each case consisted of four mammograms: the left and right craniocaudal
projections and the mediolateral oblique projections.

2) Rigorous Methodology: The research employed advanced statistical techniques, particularly
linear modelling, and ridge regression, to analyse the data. This approach accounts for the
variability introduced by multiple readers and cases, leading to more accurate and reliable

results with higher statistical power.

3) Application of radiomic features, describing the mammographic texture: This thesis
introduces the application of radiomic features in predicting case difficulty. While these
features have been used in computer-aided detection and survival analysis, their potential in

assessing case difficulty has been largely underexplored. This research sheds light on the
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factors influencing the complexity of cancerous lesions, contributing to a deeper understanding

of their characteristics and implications for diagnostic accuracy.

4) Enhancing radiologists’ meta cognition: The findings of this research have implications for
improving radiologists' performance and meta-cognitive abilities. By informing radiologists
about the specific textural features analysed in this study, they can develop an awareness of
their cognitive processes and recognize potential errors. This heightened meta-cognition can
empower radiologists to counteract biases and improve their diagnostic accuracy, ultimately

leading to better patient outcomes.

5) Al integration and human observer performance: This study explores the complex
interactions between textural features and radiologists' accuracy, which has broader
implications for the integration of Al in radiology. Understanding how these features influence
human observer performance can guide the development of Al systems that complement and
assist radiologists, enhancing overall diagnostic accuracy and patient care.

6) Applicability beyond mammography: The methodologies employed in this study for test set
curation, assessment, quality assurance, and continuing education have broader applicability
beyond mammography. They can serve as a foundation for research and advancements in other

medical disciplines, such as pathology and other diagnostic fields.

In conclusion, this thesis makes a significant contribution to the field of mammography
education by conducting a large-scale study, utilizing advanced statistical techniques,
proposing new applications for radiomic features, promoting meta-cognition among
radiologists, highlighting the importance of Al integration, and considering the applicability of
the study beyond mammography. The insights gained from this research have the potential to
drive further advancements in the field of medical imaging and analysis.

1.6 Thesis Structure and Organization

The thesis structure and organization are presented visually in Figure 4, and a brief description

of each chapter is provided below.
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Introduction

Literature Review 1
(Obj 1)

Original Research Original Research
Obje. 2 Obje. 3 Obje. 4
240 normal and 120 abnormal 120 abnormal

Original Research

40 normal and 20 abnormal e

479 Readers
165 Readers 479 Readers

Figure 4. Thesis Structure and Organization

1.6.1 Introduction chapter

The introduction chapter sets the context for the thesis by providing background information
on key aspects of the topic. It explores the rationale and need for the study, discussing
mammography, breast screening in Australia, common screening challenges such as over-
diagnosis, accreditation standards for participating in dappbreast screening, and the training
platforms designed to improve breast interpretation. The chapter highlights current practices in
training services and accreditation standards, serving as a foundation for investigating potential

alternatives to address previous research findings.

1.6.2 Literature review

This systematic review investigated how reader characteristics influence the diagnostic
efficacy in interpreting screening mammograms. It begins with a comprehensive literature
search conducted using databases such as Cochrane, Scopus, Medline, Embase, Web of
Science, and PubMed.
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1.6.3 The First original Research Paper (Objective 2)

This chapter investigates the existing approaches employed in the BREAST Training and
Learning platform for developing training test sets. The focus is on understanding the criteria
and characteristics that experts utilise to determine the difficulty of mammography cases for
the average mammography reader. By examining these current practices, the chapter aims to
gain insights into how the difficulty level of cases is assessed and how it may impact the
education and performance of mammography readers using the B REAST platform.

1.6.4 The Second original Research Paper (Objective 3)

This chapter aims to identify the reader characteristics and mammogram image characteristics
that influence a radiologists’ diagnostic performance. A comprehensive analysis was
conducted on a larger set of case images and reader performances, disregarding their specific
test set groupings. The results of this analysis revealed differing findings in comparison to the
previous chapter. By examining the influence of various factors on diagnostic performance,
this chapter provides valuable insights into the complex relationship between reader

characteristics, mammogram image characteristics and diagnostic accuracy.

1.6.5 The Third original Research Paper (Objective 4)

This chapter builds on the findings from the previous two chapter by emphasising the
evaluation of the effects of cancer characteristics has on reader performance. In addition to
utilising metadata characteristics of the mammograms, textural analysis of each
mammographic image was conducted using radiomics This analysis also aimed to explore the
effects of ant pathology on reader performance. By integrating cancer characteristics and
radiomic analysis, this chapter provides further insights into the relationship between pathology

features, image textures and their impact on reader performance.

1.6.6 Discussion and conclusion

This chapter provides a comprehensive synthesis of the thesis’s major findings, underscores
their clinical implications and importance, and highlights avenues for future research and

development in the field of mammography.
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1.6.7 Bridging sections

Additionally, to enhance the flow and coherence of the thesis, introduction sections have been
presented at the start of each chapter. These introductions serve as bridging sections that
provide a brief overview of the upcoming chapter, establish a connection with the preceding
chapter and set the context for the subsequent discussion. Their aim is to maintain a logical
structure that facilitates the readers’ understanding of the research progression and the key

themes addressed in each chapter.

1.6.8 References

The Vancouver referencing technique, has been used consistently throughout the thesis,

ensuring a uniform approach.
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Literature Review
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2.1 Chapter 2 Introduction

Chapter 2 serves to address the first aim of the thesis: which is to provide an overview of the

current literature on mammaography accreditation and its determinants.

The literature review presents an overview of the literature on screening mammography
accreditation and its requirements. It explores the various reader characteristics that have been
considered in relation to diagnostic efficacy and mammography interpretation. The review
reveals that no individual characteristic has been consistently associated with diagnostic
efficacy. However, it highlights that annual reading volume and specialization in breast
imaging have shown associations with increased sensitivity and cancer detection rates, while

not significantly affecting other performance metrics.

It is important to note that the literature review presented in this chapter have been previously
published as:

Wong DJ, Gandomkar Z, Lewis S, Reed W, Suleiman M, Siviengphanom S, Ekpo E. Do
Reader Characteristics Affect Diagnostic Efficacy in Screening Mammography? A Systematic
Review. Clin Breast Cancer. 2023 Apr;23(3):e56-e67. doi: 10.1016/j.clbc.2023.01.009. Epub
2023 Jan 26. PMID: 36792458.

The review serves as valuable resource to establish a foundation of knowledge on
mammography accreditation, and reader characteristics. They provide a comprehensive
understanding of the current state of research in these areas and lay the groundwork for further

exploration and investigation in the subsequent chapters of this thesis.

24



e56

Do Reader Characteristics Affect Diagnostic
Efficacy in Screening Mammography? A

Systematic Review

Dennis Jay Wong, Ziba Gandomkar, Sarah Lewis, Warren Reed,
Mo’ayyad Suleiman, Somphone Siviengphanom, Ernest Ekpo

Abstract

To examine reader characteristics associated with diagnostic efficacy in the interpretation of screening mammograms.
A systematic search of the literature was conducted using databases such as Cochrane, Scopus, Medline, Embase,
Web of Science, and PubMed. Search terms were combined with "AND” or “OR” and included: “Radioclogist’s character-
istics AND performance’; “radiologist experience AND screening mammography”; “annual volume read AND diagnostic
efficacy”; “screening mammography performance OR diagnostic efficacy’ Studies were included if they assessed reader
performance in screening mammography interpretation, breast readers, used a reference standard to assess the perfor-
mance, and were published in the English language. Twenty-eight studies were reviewed. Increasing reader’s age was
associated with lower false positive rates. No association was found between gender and performance. Half of the
studies showed no association between years of reading mammograms and performance. Most studies showed that
high reading volume was more likely to be associated with increased sensitivity, cancer detection rates (CDR), lower
recall rate, and lower false positive rates. Inconsistent associations were found between fellowship training in breast
imaging and reader performance. Specialization in breast imaging was associated with better CDR, sensitivity, and
specificity. Limited studies were available to establish the association between performance and factors such as time
spent in breast imaging (n = 2), screening focus (n = 1), formal rotation in mammography (n = 1), owner of practice
(n= 1), and practice type (n = 1). No individual characteristics is associated with versatility in diagnostic efficacy, albeit
reading volume and specialization in breast imaging appear to be associated with with increased sensitivity and CDR
without significantly affecting other performance metrics.

Clinical Breast Cancer, Vol 23, No. 2, eb6-e67 © 2023 Elsevier Inc. All rights reserved.

Keywords: Breast cancer, Observer performance, Quality assurance, Diagnostic efficacy, Radiologists’ characteristics

Introduction

Breast cancer is the most common cancer in women world-
wide."? Early detection of the disease through screening mammog-
raphy has been credited with a reduction in mortality from the
disease.! However, mammography has some limitations that can
cause errors, including the failure to detect cancer when present
and the incorrect diagnosis of cancer when no cancer is in fact
present. Therefore, for screening mammography to be effective,
the images produced must be interpreted accurately. Radiologi-

cal image interpretation involves search, perception, and decision-
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making processes.”® Errors in each of these processes may lead to a
diagnostic error and consequendy negatively impact upon the goal
of carly detection and treatment of breast cancer.””” Readers demon-
strate differences in search, perceptual and decision-making abilities.
This can lead to a wide variability in dassification and diagnostic
tasks in mammographic image interpretation. Inter-reader variabil-
ity in mammography interpretation suggests that human errors
remain a major limitation to the early detection of breast cancer.”
To account for reader limitations and differences in human
perceptual and decision-making abilities, technological interven-
tions such as computer-assisted diagnostic systems have been
integrated into the image interpretation framework to improve these
pracesses with mixed success.”’ In some countries, single reading
with computer-aided algorithms has also been explored to improve
diagnostic efficacy, but this stratepy has been met with high false-
positive results in mammeography screening.”® To reduce false-
positive rates, some of the areas identified by computer-assisted
devices as having a cancer are dismissed by human interpreters, even

when a cancer is present.9 Therefore, despite the incorporation of

15268209 /5 - sea front matter © 2023 Hsevier e, Al ights reserved.
hitps: //doi.org/ 10,1016 /].cbe. 2023.01.009
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technology inte screening mammography interpretation, diagnostic
errors, and variability still persist because the final decision regarding
the diagnosis of cancer is made by humans.” Therefore, technol-
ogy Is not the complete solution to mitigating diagnostic errors.
Instead, we must explore strategies to reduce the intrinsic limita-
tions of the image interpreter. In countries such as Australia and the
Netherlands, independent double reading strategy, where 2 readers
independently interpret a mammogram to increase the chance that
if a cancer is missed by 1 reader, it can be detected by another reader
has been explored‘w’11 Although, double reading has reduced recall

10,11 an

rates and increased sensitivity compared to single reading,
inappropriate pairing of readers may reduce its diagnostic efficacy.'”
Identifying reader characteristics that improve diagnostic efficacy is
critically important to optimize the paring of readers.

For quality assurance purposes, many screening guidelines use
reader characteristics to certify readers for independent report-
ing of screening mammograms and maintenance of certification.”
The volume of mammeograms interpreted per year is the criterion
mostly used for certification,'” albeit, the minimum volume read
requirements does vary across countries. Whilst the USA requires a
minimum of 960 mammogram reads over 2 years, it is 3000 per
year in the UK" and other European countries, and 2000 in
Australia.”” The differences in reading volume requirements across
the world suggest that the impact of reading volume on diagnostc
efficacy is poorly understood. In addition, the literature shows wide
variability in the association between diagnostic efficacy and reader

1617 =21 and practice

characteristics such as experience, training,
type.'®? The reasons for these differences are unclear and the
best markers of diagnostic performance requires further investiga-
tion. If reader-related factors that impact diagnostic efficacy are
identified, informed strategies to mitigate diagnostic discrepancies
and optimize the performance of breast cancer screening programs
can be designed. Therefore, this review aims to idendfy the reader
characteristics associated with the diagnostic efficacy of screening
mammography so that these can be used to inform interventions to
improve the performance and quality assurance guidelines of screen-

ing programs.

Patients and Methods
Search Strategy

The preferred reporting items for a systematic review and meta-
analysis of diagnostic testing studies (PRISMA-DTA) statement
was USEd to gLL{de the Hterﬂture Search for relevﬂ.ﬂt H[‘tideSA24 The
search was conducted using the following databases: Cochrane
Central Register of Controlled Trials, Scopus, Medline, Embase,
SdenceDirect, Web of Sdence, and PubMed. A Google crossline
search was also conducted, and reference lists of published studies
were manually searched to capture articles not identified on
database search. Search terms included: “Breast cancer,” “screen-
ing mammography,” “Radiologists characteristics,” “Diagnostic
performance,” “radiologist experience,” “screening mammography,”
“annual volume read,” “diagnostic efficacy,” “screening mammog-
raphy performance,” “diagnostic efficacy,” “Radiologist training,”
“screening mammography accuracy,” “feedback,” “training,” “breast
cancer detection,” “practice characteristics,” “screening perfor-

mance,” “Breast readers,” “Breast screen readers,” “Breast physi-
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cian,” “Breast imaging reporter,” “radiographers,” “psychomet-
ric factors,” and “observer performance in mammography.” A
detailed search strategy is presented in Supplemental Table 1. Two
researchers were tasked with the database search, filtering, and
collecting relevant articles according to the keywords. The articles
were then screened to meet the eligibility criteria and were responsi-
ble for extracting the relevant data and conducting the quality assess-
ment and analysis. Any potential disagreements between articles
between the 2 researchers were mediated and discussed with the

initial 2 researchers until the disagreements were settled.

Eligibility Criteria

Articles identified were assessed for eligibility using the popula-
ton, intervention, comparator, and outcome (PICO) system
(Table 1). Articles were Included if they assessed reader perfor-
mance In screening mammography interpretation, included trained
readers (radiologists, breast physicians, or trained radiographers),
used a reference standard to assess the performance of the readers,
performed statistical analysis including at least one of the follow-
ing outcomes: sensitivity, specificity, receiver operating characteris-
tics curve (ROCY) analysis, and location ROC, free-response operat-
ing characteristic (FROC) analyses such as Jackknife alternative free-
response receiver operating characteristic (JAFROC), alternative
free response receiver operating characteristic (AFROC), and were
published in English. Both clinical and laboratory-based studies
were considered for analysis, and there was no restriction on the
date of publicadon. Only studies that nested their analysis on the
radiologists or facility-level analysis of radiologist characteristics
were considered. Studies that did not meet the criteria above includ-
ing those that assessed performance in the diagnostic setting and
those that did not examine radiologists’ characteristics associated
with performance were excluded, as were conference proceedings,
posters, letters to the editor, and literature reviews. For studies that
assessed both screening and diagnostic mammograms, we included

only the results of the screening mammography analysis.

Quality Assessment

The assessment of study quality assessment was performed
independently by 2 authors (E.E. and D.W) based on the quality
assessment of diagnostic accuracy studies (QUADAS-2) rool.” Each
assessor independently HSSCSSEd the rl‘sk Of bias 1‘H RCSPOHSC CH(:IJ
article based on 4 domains: (1) “could the patient selection have
introduced bias?” (Patient selection); (2) “could the conduct or
interpretation of the index test have introduced bias?” {(index test);
(3) “could the reference standard, its conduct, or its interpreta-
tion have introduced bias?” (reference standard); and (4) “could the
patient flow have introduced bias?” {flow and timing). Each assessor
independently used these 4 domains to assess study quality. If there
was no concern regarding a domain, a low risk of bias was assigned.
If the assessor had concerns regarding a domain, a high risk of bias
was assigned. For studies that did not provide sufficient information
to establish bias, the risk of bias was rated as unclear. A weighted
kappa analysis was conducted to assess interassessor agreement, and

d—iSCfﬂpﬂ_ﬂC{ﬂS berween ASSESSOrs Were resolved via d.{SCLlSSl‘Ol’L
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Do Reader Characteristics Affect Diagnostic Efficacy

Table 1 The PICO Method Detailing Eligibility Criteria

Element Characteristics

Population Screening readers {Radiologists, breast physicians, breast reporting radiographers)

Intervention Screening mammaography

Comparators Reader characteristics (age, gender, years reading mammograms, reading volurne, specialisation in breast imaging, academic

medical center affiliation, time spent in breast imaging, screening focus, formal rofation in mammography, owner of practice,
feedback, lifetime mammograms read, prastice type, certification in breast radiology, and year of certification in radiology

Outcome Cancer defection rate, recall rate, sensitivity, specificity, PPV, False positive rates, location sensitivity, JAFROC, ROC AUCs,

abnarmal interpretation rates,

Abbreviations: AUC = area under the recelver operating characteristic curve; JAFRQC = jacknife free-response receiver operating characteristic curve; PPV = positive predictive vallue; ROC =recelver

operating characteristics curve

Figure 1 Flow diagram showing the search results.

[ Identification of studies via databases and other sources ]
' '
.E o Records removed before screening:
| Records identified from: _ Duplicate records removed (0=
g Databases (n =9, 601) > 1087)
g Other sources (n = 188) Records removed for other
= reasons (n = 6,987)
SR
Records screened > Records excluded
(n=1,724) {(n=1426)
\ 4
Reports sought for retrieval Reports not retrieved
En (n=298) n=0)
-
Reports assessed for eligibility o| Reports exctuded:
(n=298) " -Did not examine reader performance (=186}
-Focused on performance in a diagnostic setting
(n=43)
-did not examine reader characteristics associated
with performance in a screening setting (n=41)
— h 4
B Studies included in review
] m=28)
E
S’
Data Extraction

Using the PICO system, data pertaining to the characteris-
tes of the studies (eg, study design, adjustment to protocols,
and reader recruitment strategies), population characteristics {eg,

sample size, disease prevalence, lesion type and sizes, and breast

€58 | Chinical Breest Cancer April 2023

composition information), reader characteristics (qualification,
clinical experience, number of mammograms read per week,
workload, practice-related information), and interpretation proto-
col were extracted. Data related to the reference standard used and

reader diagnostic performance metrics such as area under receiver
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operating characteristic curve, FROC analysis, location sensitivity,
specificity, accuracy, and odds ratios were collected.

Dain Analysis

Qutcomes of the studies were summarized using descriptive
statistics. Due to the different metrics used to quantify reader perfor-
mance and the statistical tests to assess the association between
reader characteristics and performance (relative risk, odds ratio,
Pearson’s correlation, Spearman’s correlation), weighted averages of

performance metrics and meta-analysis could not be performed.

Results

A total of 9789 articles were identified on search. Of these 1724
articles with titles related to the topic were considered for the inital
screening. Of these articles, 1087 were duplicates and 298 were
considered eligible for full-text review based on the eligibility crite-
ria detailed above. After the full-text review, only 28 of the 298
studies considered eligible filled inclusion criteria. The remaining
270 articles were excluded because they did not examine reader
performance (n = 186), were focused on performance in a diagnos-
tc setting (n = 43) and did not examine reader characteristics
associated with performance in a screening setting (n = 41) as
shown in Figure 1.

The characteristics of these studies are summarized in Table 2 .
Ten of these were data linkage studies, 10 were observer performance
studies, and 6 were retrospective observational studies. There was
one each of cross-sectional and clinical assessment studies. Most of
these studies were based on US radiologists or physicians (n = 16)
followed by Australian and New Zealand radiclogists (n = 4) and
Canadian radiologists (n = 3). The image sample size used in
these studies ranged from 50 to 2,373,433 (mean = 301,314)
and the sample of readers varied from 4 to 1067 (mean = 142).
For data linkage studies the sample size ranged from 8734 to
2,234,947 (mean = 768,829.6) and the sample of readers ranging
from 24 to 231 (mean = 129), but the number of cancers in the
samples were sometimes not reported. For observer performance
studies, the sample of images varied across studies from 50 to 1000
{mean = 350) with the number of cancer cases ranging from 12
to 36 (mean = 19) and reader sample ranging from 20 to 194
{mean = 128). The sample of images in the retrospective observa-
tional studies varied from 27,394 to 2,373,433 {mean = 696,279)
with the number of cancers often not reported, and reader sample
ranging from 9 to 1067 (mean = 304). Only 6 of the 28 studies
adjusted for some of the patient-level factors that may confound
the associadon between reader characteristics and performance
(Table 2).

The reader characteristics varied across studies and included age,
gﬂlder, Yeﬂrs read.ing maIangrams, number Of imﬂges rEad Per
year, specialization in breast imaging, academnic medical center affili-
ation, percentage time spent in breast imaging, hours spent in breast
imaging, screening focus, formal rotation in mammography, owner
of a private mammography practice (self-reported), frequency of
immediate workup, feedback, lifetime mammograms read, number
of CME credit, practice type, certification in breast radiology, and
year of certification in radiology.

Dennis Jay Wong et al

There were differences in the metrics used to assess the associa-
tion between reader characteristics and performance. These metrics
included sensitivity, specificity, recall rate, cancer detection rate
(CDR), ROC area under receiver operating characteristic curve,
JAFROC, location sensitivity, recall rates, abnormal interpretation
rates (the percentage of examinations with an abnormal final inter-
pretation), and positive and negative predictive values of recall.
Furthermore, different statistical tests such as relative risk, odds
ratio, Pearson’s correlation, and Spearman’s correlation were used to

compare reader groupings.

Quality Assessment

Most the 28 studies included in the review demonstrated low
risk of bias in terms of patient selection (n = 23) and index and
comparator test interpretations (n = 27). In the flow and timing
domains, the risk of bias was low in 16 studies, high in 4 studies,
and unclear in 8 studies. In the reference standard domain, most of
the studies (n = 18) demonstrated low bias due to the interpretation
of the images without prior knowledge of the patient’s diagnosis and
the risk of bias was high in 5 studies (Appendix 1). The interassessor
agreement showed a weighted kappa of k = 0.80, 95% CI, 0.68-
0.92.

Age and Gender
Only 5 studies examined the association between reader’s age and
performance. Four of these studies showed that older readers have

2527 or berter specificity.”* Two studies

lower false-positive rates
reported a decrease in sensitivity with ageing,gg‘?’0 but no associa-
tion was observed between age and either sensitivity or specificity
in another studyA51 Seven studies assessed the association between
gender and performance. Five of these studies reported no associa-
tion between gender and either sensitivity, specificity, recall rate, and
CDR**?%21-5; however, 2 studies reported that women show high
false-positive rates,”? with another study showing higher uncertainty

scores for fernale readers.’®

Numiber of Years Reading Mammograms

Tiwelve studies assessed the associatdon between number of years
reading mammograms and performance. There were wide differ-
ences in the categorization of readers into different levels of experi-

ence‘l&ﬂ&é, 3%,

¥ Some studies used mean years of reading
mammograms without specifying the cut-off for inexperienced and
experienced readers,”” 7 others studies considered readers with <9
or =10 years as low experience readers.”*>*% Six of these studies
reported no association between number of years and either sensi-
tivity, specificity, CDR, accuracy, false-positive rate, recall rate, or
positive predictive value.”'=%%%:1%:9% Other studies reported that
number of years reading mammograms increased specificity, ¢
as well as sensitivity and location sensitivity.?®%° Years of reading
mammograms was also found to be associated with increase in

JAFROC™ and ROC values.

Reading Volume and Performance
Nineteen studies investigated the association between reading
volume and reader performance. Different thresholds were used to

classify readers into between 2 and 7 levels of reading volumes. Low
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Table 2 Summary of the Characleristics of the Studies Included in the Review

Author (y)

Barlow
etal ®

Beamn
gtal®

Buist gtal 1

Buistgtal ®

Study
Design

Data linkage
& survey
(BCSC
registries)

Observer
performance
study

Data linkage
Data linkage
& survey
(BCSC
registries)

Data linkage
Data linkage
& survey
(BCSC
registries)

Study
Popula-
tion

us
Radiologists
n=124

us
Radiologists
n=110

us
radiologists
{n=96)

us
radiologists
{n=120)

(linical Breast Cancer  April 2023

Type of
Mammo-
grams

Screening
[n=469,512)
Cancers (n):
2402

Screening
[n=148)

Screening

(n=651,671)

Screening
[n=783,965)

Reader
Characieris-
tics/Intervention
Assessment

Age; gender; Reading
volume; Years of
experience reading
mammograms,
practice type;
affiliation with
academic medical
center

Reading volumg;
years of reading
mammograms,
number of years
since residency;
formal rotation in
mammography;
owner of practice;

Total annual volume
read;

Volume of diagnostic
work-up (feadback)

Screening focus;
Annual volume of
sereening
mammagrams;
Annual volume of
diagnostic
mammagrams;

Outcomes
Assessed

Sensitivity
Specificity
ROC AUC
Recall rate

Sensitivity
Specificity
AUC

Sensitivity
FPR
COR

Sensitivity
FPR
COR

Major Significant Results

Age: decreased sensitivity (OR, 0.92;
0.37-0.74); increased specificity (OR, 1.48;
1.16-1.88); increased recall rates (younger.
12.1vs. clder: 8.9)

Full-time work: increased sensitivitg(0.60;
0.44-0.82) but similar specificity with part-time
work;

Years interpreting mammograms:
decreased sensitivity (OR, 0.50; 0.37-0.74),
reduced recall rates (11.8vs. 8.6) & increased
specificity (1.51; [1.17-1.98]); no association
with AUC

Reading volume: increased sensitivity
{OR, 1.69, 95% CI, 1.36-2.83) & decreased
specificity (OR, 0.76, 89% CI, 0.60-0.96);
increased recall rates {low 7.6 vs. high 10.4};
no association with accuracy

Affiliation, gender, and percentage
screening mammogram
interpretation: No association with
sensitivity and specificity.

Reading volume: 5% mean increase in
sensitivity; no association with ROC AUC
{+0.01 (—0.07 1o 0.09)

Years of reading mammograms: o
association with AUC (4019 [—0.05 10 0.44])
Years since residency: Decrease in
AUC (—030[-0.601t00.097)

Formal rotation in mammography:
Decrease in AUC (—0.55 [—2.75 to 0.00])
Owner of practice: increass in AUC
140.59 [0.02-2.461). change in specificity not
reported

Work-up: Increasing radiologist workups of
own recalled cases (from 0-25 mammograms
to =50} increases:

sensitivity (from 81.1 [77.4, 84.3] to 87.0
[84.9, 88.8]);

FPR (from 6.7 [5.6, 8.01 to 103 [8.7, 12.1])
CDR (from 3.1 [2.7,3.5] to 4.5 [4.1, 5.01)
Screening focus (<75 vs. 90+):
associated with lower sensitivity (85,3 [83.5,
88.71vs. 81.8[78.1, 85.01), FPR (9.9 [7 4,
13.21vs 5.6 (44, 7.01); CDR(4 538 54]vs
3.4 [2.7,4.2]).

Reading volume <480 vs. 5000+
Decrease in sensitivity (83.9 [72.5, §1.1] vs
84.0 [81.7, 86.1]); no association with FPR
(7.714.8,121]vs. 95 [70,12.7] and COR 3.4
[2.4,4 7 vs. 36[3.1,4.2])

Diagnostic focus: Low diagnostic volume
[ =100) associated with lower FPR (6.7 [5.4,
8.4]vs 9.8(74,12.8])

and COR (3.3 [2.6, 411 vs. 4.1 [3.6, 4.7T) but
no association with sensitivity 82.5(75.0, 88.1)
s 857 (830, 88.1)

Adjustment
for
Confounding
Factors
Patients age;
breast density;
previous
mammographic
histary;
radiologists’
years of
gxperience

Radiologist-level
factors;
facility-level
factors

Age at screening;
first degree
family history;
time since past
mammograrm

Age at screening;
interpretive
volume: time
since past
mammograr;

(continued on next page)
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Table 2 | (econtinued)

Author (y)

Bumside
etal®

Carney
etal ™

Ciatto
gtal

Corniord
otal®

Elmore
etal*

Elmore
etal %

Study
Design

Clinical
255855
mentfobserver
performance

Data Linkage

Observer
performance

Data linkage

Data linkage

Data linkage

Study
Popula-
tion

s
physicians
n=4)

us
radiologists
(n=124)

Italian
radiologists
(n=117)

UK Radiolo-
gists, Breast
Physician,
and Radiog-
raphers
n=357)

us
radiologists
{n=205)

s
radiologists
(n=24)

Type of
Mammo-
grams

Screening
{n=230,363)

Screening
[sample not
reported)

Screening
{(n=150
including 17
Cancer cases

Actual sample
not reported.
Only range of
rases reported
by each reader
was provided
1474-12,877
Screening
n=1,036155
cancers: 4961

Screening
[n=28734)

Reader
Charactetis-
tics/Intervention
Assessment

Annual reading
volume

Gender; reading
wolume; years of
experience

Mamnmographic
practice; reading
volume per year,
Total volurne read per
year

Reading volume;
Years of reading
mammeograms
{experience)

Gender; Breast
fellowship training;
vears reading
mammegrams,
acadernic medical
center affiliation,
percent time spent in
breast imaging,
hours spent in breast
imaging

Age, gender, year of
graduation, years
reading
mammograms,
facility type

Outcomes
Assessed

CDR
Recall rates

Uncertainty
score for RR
and specificity

Sensitivity
Recall rate

CDR,
PPY,
RR

RR, FFR,
sensitivity, PPV
of recall
[PPV1)

Dennis Jay Wong et al

Major Significant Results

Reading volume: Volume of 2770
readings is adequate to achieve COR of
4.4/1000; volume lower than 120 is needed to
achieve benchmark recall rate of 9.7%

Gender: Females have lower uncertainty
50018

Interpretive volume: asscciated with
lower uncertainty scores

Years interpreting mammograms
associated with lower scores

Uncertainty score not associated with
sensitivity, specificity or RR (A2 values ranged
from 0.02 to 0.001),

Mammographic practice: associated
with better sensitivity and reduced RR
Reading volume: associated with
sensitivity (X2 = 7.215; P=0.027) and
reduced RR.

Reading experience: noassociation
with COR, PPV, and RR High vs. low experience
{COR: 7.4/1000 vs, 7.0/1000}; RR (5.2 vs. 3.8,
PPV {13.0vs. 20.9)

Reading volume: High vs. low volume
{COR: 6.971000 vs, 7.5/1000}; RR (3.1 vs. 6.1);
PPV (14.2vs.19.1)

Male vs Female: RR (8.4; 5.6-12.5vs,
11.4,8.5-13.5), FPR (8.1 (53-121vs. 11.2
(8.2-13.1), sensitivity(82.4 (70.7-01.3) vs. 87.0
(77.4-54.8), and PPV1{4.1; 2.6-6.1vs. 3.9
(2.7-50.4)

Fellowship training in breast
imaging: increased sensitivity 3.3
(72.7-91.3) vs. 87.7 (80.9-100.0}; AR 8.1
(6.0-13.1)ws. 116 [9.3-14.7), FPR 8.6
(9.7-12.8)

v, 11.0(8.6-14.3), and PPV (3.9 [2.6-3.8])
Vs, 5.2(3.1-7.4),

Years interpreting mammograms:
decreased RR 13.1{7.8-16.6)vs, 7.4 (4.9-10.7)
and FPR (128 [V 4-16.3] vs. 7.1 [4.8-10.2])
Academic medical center
affiliation: Lower RR (3.5 [63-13.5]vs. 76
[6.3-13.00)

and FPR 9.1 (8.0-13.2) vs. 72 (6.3-12.6)

Younger and recent graduates show high FPRs
(11.7 [8.8-16.1]) compared to older
radiologists (6.7 [5.2-8.1]}

Adjustment
for
Confounding
Faciors

None

None

None

None

Radiologists
random effect.
No adjustment
for
patient-related
factors

patientand
testing
characteristics,
bt the exact
characteristics
not reported

(conttnued on nexe page)
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Table 2 | (coniinued)

Author (y)

Elmare
etal?

Esserman

gtal®

Geller

etal !

Hoffetal 77

Kan etal %0

Kimetal'®

Leung
otal 5

eb?

Study
Design

Observer
performance

Observer
performance

Observer
performance
(self-reported
interpretive
ahility)

Retrospective
observational
study

Data linkage?

Observer
performance

Retrospective
observational
study

Study
Popula-
tion

Us
radiclogists
{n=10)

UK
radiologists
tn=134)
Us
radiologists
n=60)
us
radiologists
n=119)

Norway
Radiologists
fn=121)

Canada
radiologists
n=33)

Korsan
radiclogists
n=12)

us
radiologists
=93
breast
radiologists
and &
general
radiclogists)

(linical Breast Cancer  April 2023

Type of
Mammo-
grams

Screening
{n=130;
cancer: 27)

Screening test
set
{n=460)

Screening test
set
{n=109);
Cancer.
n=15-36

Screening
(n=2,373,433

Not reported

Screening test
set (1000
cases; 12
cancers)

Screening
n=106,405

Reader
Characleris-
tics/Intervention
Assessment

Experience;
frequency of
immediate workup;
feedback; lifetime
mammagrams read;
number of CME
oredit; practice type
Reading volume

Reading volurne read
per wesk;
specialisation;
Fellowship in breast
imaging

Annual and
cumulative reading
volume

reading volume

Reading volume;
years of experience;
fellowship

Specialisation in
breast imaging

Outcomes
Assessed

sensitivity

Sensitivity and
specificity

PPV and NPV
of recall;

Sensitivity,
SCreen-
detected
cancer, FPR

SAIR; CDR

COR, PPV,
sensitivity,
specificity,
FPR,

RR

CDR: Recall
rates

Major Significant Results

Experience: reader experience quantified
by feedback, lifetime mammograms read,
nurnber of CME credit, practice type is
associated with better sensitivity (£ < 0.05 for
all}.

Reading volume: assaciated with
increased sensitivity (low volume: 0.648; high
volume: 0.756: and specificity (low volume:
83.6%; high volume: 88.0%)

Reading volume: Increase in NPV for
high volume readers

PPV: nonexperts: 55.9 (49.8-68.1); experts:
58.8(48.7-71.1)

NPV: nonexperts: 83.5 (77.0-80.6); experts:
$3.0(76.4-50.1).

Reading volume 100 vs, 4000: sensitivity
[87% vs. 90%), FPR (5.3% vs. 4.0%); COR
{4.9/1000vs 4.7/1000)

Reading volume: A minimum of 2500
volume read per year is associated with lower
abnormal interpretation rates and average or
improved cancer

detection rates

Mean standardised AIR for <2000 (1.15 £
0.31) vs. 4000 + (1.09 £ 0.38

Mean standardised COR for <2000 (0.89 £
D.47)vs, 40004 (1.07)

RR CD. PPV Sen. SPC.FPR.
Experience

<10y 72104 151.869.93.3.83
=10y 7.7.108.169. 00.0.93.7. 6.7
Fellowship
Yes8.0.10.0.12.9.833.929. 7.1

Mo, 7.0, 11.0.18.1.91.7. 94.0.6.0
Reading volume

<3000, 69100173, 83.3.94.0.60
>3000.8.2.11.4.14.0,95.0.92.8. 7.2

No significant difference between specialist and
general radiologists in COR and RR
CDR: Specialist (115) vs. generalist (116)

Adjustment
for
Confounding
Factors

None

None

None

None

None

None

None

(continued on next page)
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Table 2 | (eoniinued)

Author (y)

Miglioreti
etal”!

Malins
etal.?

Rawashdeh
etal %

Reed etal.*’

Rickard
etal®

Study
Design

Data linkage

Observer
performance

Observer
performance

Observer
performance

Data linkage

Study
Popula-
tion

us
radiologists
[n=231)

Spanish
radiologists
(n=21)

Australian
and New
Zealand
radiologists
(n=116)

Australian
and New
Zealand
radiologists
(n=269)

Australian
radiologists
(n=134)

Type of
Mammo-
grams

Screening
(n=1,599,610

Screening test
set

(n =200 with
30 cancers)

Screening
test-set
(n=60
including 20
cancers)

Screening
test-set
(n=>50
including 15
cancers)

Screening
(n=1903,702
including
3819 cancers)

Reader
Charactetris-
tics/Intervention
Assessment

Fellowship training
in breast imaging;
years of experience
as mammography
interpreter; first year
of practice

Focus on breast
radiology; feedback;
time spent in breast
radiology per day;
reading volume; age;
feedback

Years since
qualification as
radiologist; years
reading
mammograms,
reading volume;
hours per week
reading
mammograms.

years of certified,
years of experience,
reading volume,
hours reading
mammograms,
previous
experiences, breast
fellowship, and
satisfaction levels
Reading volume

(<500 cases per
year)

Oufcomes
Assessed

Sensitivity; RR;
FPR

Sensitivity and
specificity

JAFROC,
Location
sensitivity,
specificity

ROC,
sensitivity,
specificity

Dennis Jay Wong et al

Major Significant Results

Nonfellowship trained
radiologists: higher recall but lower FPR;
No association between experience is and
sensitivity

For fellowship trained: sensitivity
increased with experience; no differsnce in FPR
and RR at first year of practice but FPR declines
over time. No learning curve for fellowship
trained readers

25y {5-year change): FPR (1.23 [1.12, 1.35];
sensitivity: 1.16 [0.51, 2.64]; PPV 0.72[0.48,
1.071)

Age: ageing (=45 years) is associated with
lower sensitivity (OR, 0.26, 0.31-1.01) and
better specificity (OR, 1.33, 1.12-1.58)
Time in breast radiology: not
associated with sensitivity (OR, 0.70;
0.36-1.37) but improves specificity (OR, 1.49;
1.18-1.89)

Feedback & consulting with
colleagues: not associated with sensitivity
(OR, 0.89; 0.43-2.27) but increases specificity
[OR, 137, 1.05-1.85).

Reading volume: no association with
sensitivity (OR, 0.95, 0.56-1.54) or specificity.
(OR, 1.15; 0.98-1.35)

Years reading mammograms. Ho
association with either sensitivity (OR, 1.40;
0.84-2.34) or specificity (OR, 1.04; 0.89-1.21)
Years since qualification: associated
with higher JAFROC (r = 0.22) and specificity
[r=018)

Years reading mammograms:
associated with higher JAFROC {r=0.19) and
specificity (r = 0.19)

Reading volume (<1000 vs
85000+ ): associated with JAFROC
(0.67[0.62-0.73] vs. 0.86(0.83-0.88]),
location sensitivity 0.53(0.45-0.60) vs.
0.59(0.54-0.64) and specificity 0.60
(0.51-0.70) vs. 0.83 (0.80-0.87)

Number of years certified: associated
with improved AUC (r = 0.32)

Years of experience: associated with
improved AUC (r = 0.43)

Reading volume (>2000 per year):
associated with improved AUC (1 =0.34)
Hours reading mammograms per
week: associated with improved AUC: 0.75
(<1000} vs. 0.85 (>5000)

Reading volume: CDR increases with reading
volume but plateaus after 1000 reads per year.
No difference in CDR above 875 reads per year
(RR =078, 95% Cl, 0.63-0.99)

Adjustment
for
Confounding
Faclors

Mone

None

None

None

None

(comsinued on next page)
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Table 2 | (continued)

Author (y)| Study Study Type of Reader
Design Popula- |Mammo- |Characleris-

tion grams tics/Intervention
Assessment
Sickles Retrospective | US Screening Specialisation in
etal 0 observational |radiologist | (n=47,798) | breast radiclogy
study (n=10
including 3
specialist
and 7
general)
Suleiman | Observer Australian | Screening Country of practice;
etal 2 performance |and US test-set Reading volurme;

radiologists |(n=60
(n=41,21 | including 20

years of experience

Australian | cancers)
and 20US
Tanetal ®® | Refrospective | US Screening Gender; period since
observational | radiologists | (n = 27,394} | graduation; age, type
study (n=1,087) of practice; volume
read per year,
certification in breast
radiology
Taplin Cross- Us Screening Specialisation in
etal !l sectional radiologists |{n= 360,149 | breast radiclogy
study (n=128) |and 1972
cancers)
Theberge Retrospective | Canadian | Screening Reading volume
etal observational | radiclagists |(n=1,315,327
study (n=340)

Theberge | Retrospective | Canadian | Screening
etal” abservational | radiclagists |(n = 307,314)
study (n=275)

Reading volume

Outcomes | Major Significant Results Adjustment

Assessed for
Confounding
Factors

Abnormal Abnormal interpretation rates lower for None

interpretation | specialist (4.9%) compared to general

rates; COR radiologists (7.1%).

CDR for specialist (£.0/1000) was double that
of general radiologists (3.4/1000)

JAFROCY, Country of practice: No difference in None
inferred ROC, | JARFOC, inferred ROC, sensitivity, and

sensitivity, specificity, but higher location sensitivity for
specificity, and | Australian radiologists

location Years of experience (more vs less
sensitivity experienced): associated with higher

sensitivity (0,95 vs. 0.89) and location
sensitivity (0.86 vs. 0.79)

Reading volume {more vs less
experienced: associated with higher
sensitivity (0.94 vs. 0.89) and location
sensitivity (0.86 vs. 0.79).

PR Gender: Female radiclogists higher FPR age, race, family
(female: 7.9 vs. male: 5.94) history of breast
Age: younger radiologists have higher FPR: | cancer

<40 years (7.55) vs. 60 + (5.27);

Period since graduation: associated
with lower FPR: <10 years {7.92) vs. 30+
(5.27)

Reading volume: No association with
FPR (low: 6.34 vs. high: 6.13}
Certification in breast radiology: No
association with FPR: Yes (6.23) vs. No (6.62)

-

sensitivity, Specialisation in breast radiology: assoclated | None

specificity, and | with better AUC (0.932 vs. 0.805), but no

PPV association with specificity (OR = 1.26, 95%
Cl,0.97-1.63) or PPV1 {OR = 1.23, 85% Cl,
1.01-1.50)

Sensitivity, Reading volume: asscciated with 32% None:

FPR, and better accuracy <1000 vs. 4000 (false-positive

accuracy rate, 1.32; 85% Cl, 1.13-1.54) and 24%

reduced FPR (false-positive rate ratio = 0.78;
95% Cl, 0.65-0.89

CDRand FPR | Reading volume: No association with gender, age,
CDR but inverse association with FPR BMI, breast
4000 vs. 2000: COR = 1.28 (92% CI, density and
1.07-1.52); previous breast
False-positive rate ratio: 0.53 (85% CI, aspiration,
0.35-0.79) biopsy or
implant

Abbreviations: AIR = abnormal inter pretation rate; AUC = area under the receiver operating character istic curve; BCSC = breast cancer surveillance consortium; G0 = cancer detected; COR = cancer
detection rate; Exp = experience; Fellow = fellowship in breast imag ing; FPR = false positive rate; JAFROC = jacknife free-reaponse receiver operating characteristic curve; NPY = negative predictive
value; PPV = posttive predictive value; ROC = recelver operating characteristic curve; RR = recall rate; SAIR = standardized abnormal interpretation rate.

volume reading thresholds varied considerably and included <500
cases,” 41 <1000 cases,”®?7 <3000 cases,’® or <5000 cases.”” Eight
out of 13 studies reported that high reading volume was associ-
ated with better sensitiviry® %% 1% 344 and 4 studies showed no

association between reading volume and sensitivity. Three studies
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reported that h_igher read_ing volume increased CDR37’45’45; 2
studies reported that high reading volume decreased CDR,”**’ and

1 study reported no association.” High volume readers also demon-

2620 and diagnostic accuracy,”**°

33,47

strated better location sensidvity

39,45

lower recall rates, and lower false positive rates.
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Fellowship, Specialization in Breast Radiology, and
Academic Medical Center Affilintion

Seven studies examined the association between fellowship in
breast imaging and different performance metrics. Breast fellowship,
which requires physicians to undertake 3 to 12 months training in
breast image interpretadon depending on a country’s requirement,
was associated with lower abnormal interpretation rates™” and lawer
or no effect an recall rate (RR).”"'® Completion of a breast fellow-
ship did not show any association with false positive rates,*>*" but
increased the positive predictive value of recall’! and accuracy.?!
Only 4 studies examined the association between specializaton in
breast imaging and performance. Three of these studies reported
that specialist readers had better CDR, sensitivity, and specificity, as
well as higher positive predictive value of recall and lower abnormal
interpretation rates.** " Affiliation with an academic medical center
showed no association with either sensitivity or specificity”-*1"*? as
well as RR, PR, and PPV of recall.?

Other Reader Characteristics

Limited studies were available to establish the association between
reader performance and factors such as time spent in breast imaging
(n = 2), screening focus (n = 1}, and formal rotation in mammog-
raphy (n = 1), being owner of a private mammography practice
(n = 1), frequency of immediate workup or feedback (n = 2),
lifetime mammograms read (n = 1}, and practice type (n = 1).
Rotation In mammography showed a decrease In accuracy, sensi-
tivity, and specl'ﬁc{[yA35 Two studies showed no association between
time spent In mammography and reader performance in terms
of sensitivity, FPR, and RR.132 Increasing radiologist workup or
feedback increased sensitivity, specificity, CDR, and FPR,*** and 1

study showed that being an owner of a practice improved accuracy.”

Discussion

The evidence presented above shows mixed findings for the
association between reader characteristics and screening perfor-
mance. The number of years reading mammograms did not show
an overall association with diagnostc efficacy, but reading volume
appeared to improve performance metrics such as CDR, sensidvity,
location sensitivity in a larger number of studies. Data also showed
that older readers make fewer false-positive errors, but performance
is not affected by reader gender. Whilst affiliation with an academic
medical center is not assodated with reader performance, specializa-
tion in breast imaging appears to be associated with better reader
performance.

Among the workload-related characteristics examined, years of
reading mammograms, and volume of mammograms read have been
the most studied factors to-date. The literature generally shows
that radiclogists with many years of reading mammograms demon-
strate lower false-positive rates and lower sensitivity.”>*%%3% These
findings have been attributed to older readers having a higher
threshold for classifying mammograms as abnormal, due to their
ability to identify and dismiss lesion types where experience has
shown that these lesions are more likely to be benign.’” Tt has also
been suggested that the old breast imaging training curriculum,
which balances sensitivity and specificity, progressive skill loss over

time, and the less detailed interaction with mammograms, may be
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the reasons why readers with many years of practice demonstrate
lower sensitivity and lower false positive rates.”” Years of reading
mammograms is commonly used to quantify experience; however,
our findings show that years of reading mammograms does not
necessarily reflect reader’s ability to identify and characterize cancer
lesions. A combination of reader characteristics such feedback,
lifedme mammograms read, number of CME credit, practice type
has been shown to provide a better measure of experience, and reader
performance.”® Therefore, it is important that no single reader
characteristics be used to quantify experience in mammography
interpretation.

Data presented in Table 2 show that high reading volume is
significandy associated with sensitivity without affecting specificity.
It should be noted that many of the published studies used self-

19,20,36,52,54,55 which is subject to recall

reported reading volumes,
bias. It has also been suggested that lifetime reading volume may
better capture the association between reading volume and perfor-
mances since it combines both experience and reading volume.”*”’
Improved performance with higher reading volume may be related
to increased exposure of high volume readers to normal image
features as well as features of cancer. It has also been suppested that
the better diagnostic efficacy of high volume readers may be due
to their ability to discriminate normal mammograms.” Therefore,
it is understandable why many guidelines require readers to read a
certain number of cases per year to maintain the certification for
independent screening mammography interpretation; however, it
is unclear why there are differences in minimum numbers needed
to achieve optimum performance across the literature and in the
readjng Volu.[nf: fequ.ifement across Cﬂlmtries. These diHCfCHCCS
suggest that other reader-related factors may confound the relation-
ship between reading volume and performance. Therefore, quality
assurance puidelines for improving the performance of screening
programs should consider other factors that may confound the
relationship between reading volume and performance when setting
minimum reading volume thresholds.

Breast fellowship and specialization in breast imaging is designed
to develop expertise in breast image interpretation. The litera-
ture on the relatiOHSJ:].{P betwﬂen beast fe].lowship B.Hd Perfﬁrmﬂ.nce
is limited and inconsistent. It is important to note that training
curriculum, duration and quality training, and mentorship vary
across countries. These differences are expected to cause variabil-
ity in the association between breast fellowship and performance
between countries. However, the published studies on breast fellow-
ship examined different performance metrics: abnormal interpreta-

tion rates,” recall rate,2>!® false-positive rates,” 1%

positive predic-
tive value of recall,”’ and accuracy.”” The limited number of studies
examining each of these performance metrics makes it difficult
to establish the relationship between breast fellowship and reader
performance. Interestingly, 3 quarters of the few published studies
on specialization show that breast spedalists had better CDR, sensi-
tivity, and specificity, as well as higher positive predictive value of
recall and lower abnormal interpretation rates.**! These findings
are reasonable since specialization leads to task repetition and refine-
ment and suggest that screening mammography readers require a lot
of practice and dedication to achieve high performance regardless of
their training and affiliaton.
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Older adults consistently showed lower false positive rates.
Psychological studies show that older people are more risk averse in
decision-making, particularly when involved in activities requiring
learning and memory and are more positive and capable of control-
ling their response to emotional and pictorial stimuli.” In addition,
people’s motivational priorities change with aging through greater
knowledge acquisition and emotion regulzltion.59 Thus, it is possi-
ble that the lower FPRs observed for older readers may be related
to factors such as older adults’ better understanding of features
that elicit false positive errors, ability to regulate their perception
of malignant features, and motivation to reduce false positive errors.
It is also possible that older readers have more years of experience
reading mammograms, which has been shown to be associated with
higher threshold for classifying mammograms as abnormal .27 %478
However, further studies are needed to understand whether cogni-
tive factors associated with ageing impact upon FPRs in screening
mammography interpretation.

There is limited data to establish the relationship between reader
factors such as time spent in breast imaging, screening focus, and
formal rotation in mammography, owner of a practice, frequency
of immediate workup or feedback, lifetime mammograms read,
and practice type. However, feedback on performance characteris-
des such as sensitvity, specificity, and false positives or negatives,
and abnormal findings appeared to improve CDR but showed an
inconsistent relationship with false-positive rates. The mechanisms

#5690 and maybe the

for providing feedback varied across studies
underlying reason for the observed variadons in FPRs. Although
feedback on performance characteristics provides an indication
of a reader’s cancer reading outcomes, it is unlikely to improve
their perceptual and discriminative skills since it does not tell the
reader the features that were missed or misinterpreted. Educa-
tonal programs such as Personal Performance in Mammographic
Screening (PERFORMS)*® and Breast Reader Assessment Strategy
(BREAST), which identify the types of errors made by readers and
provide visual feedback, have been shown to be useful for tailor-
ing reader rraining”® and improved reader performance by 24% to
349%.°! In addition, these improvements due to visual feedback were
not affected by reader characteristics. Therefore, visual feedback on
the types and imaging features of lesions missed and normal image
appearances the illicit false positive errors is needed to improve
discriminative skills. Without such perceptual and discriminative
feedback, readers may not change their perceptual and decision-
making techniques and will continue to make similar diagnostic
errors.

It is important to acknowledge methodological differences among
the studies reviewed and their potental impact on the findings
discussed. Whilst differences in study methodologies are not
uncommon, the literature shows that certain patient characteristics
such as age at screening, breast density, implants, family history of
breast cancer, and breast size, which affect diagnostic accuracy of
mammography were not considered in 79% of the studies reviewed.
Unlike observer performance studies that tested multiple readers
per case, data linkage, and retrospective studies had a maximum of
2 readers per case depending on the reading strategy used (single
or double reading of mammograms). Therefore, such studies, even

with large sample of readers and images, may not completely
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account for case-based variation in performance between readers
and the impact that patient and lesion characteristics may have on
the association between reader characteristics and diagnostic efficacy.
It is often argued that experimental observer performance studies
have limited external validity due to the laboratory effect®; however,
we did not find any consistent pattern in the association between
reader characteristics and performance according to study setting
(data linkage, retrospective analysis, clinical studies, or observer
performance studies), suggesting that large scale reader performance
studies that account for patient-related characteristics may be used
to identify and model reader characteristics that improve the perfor-
mance of mammography screening programs.

A limitation of the review includes that, only studies published in
English language were reviewed. In addition, differences in perfor-
mance metrics and statistical tests used for comparing reader group-
ings limited our ability to compute weighted averages of perfor-
mance or compare results across studies.

Conclusion

No specific reader characteristics is associated with versatility
in the interpretation of screening mammograms, albeit reading
volume, and specialization in breast imaging improved sensitiv-
ity and CDRs without significantly affecting other performance
metrics. Therefore, multivariate models, which consider the inrer-
action between reader characteristics and the confounding effects of
patient and facility-level characteristics as well as tailored feedback
interventions such as follow-up of recalled cases may help to inform
strategies to improve the performance and quality assurance guide-

J.{nes Of screen.ing programs.
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Chapter Three

Mammographic image characteristics in educational test
sets: the effect on expert difficulty ratings and subsequent
reader performance
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3.1 Chapter Introduction

Chapter 3 manuscript is currently under review at the Asia Pacific Journal of Oncology.

The previous chapter’s aim was to provide the context and background of the current literature
of the standards and accreditation requirements for screening mammaography that are currently
implemented in practice. The evidence presented above shows mixed findings for the
association between reader characteristics and screening performance. The number of years
reading mammograms did not show an overall association with diagnostic efficacy, but reading
volume appeared to improve performance metrics such as cancer detection rates, sensitivity,

location sensitivity in a larger number of studies.

Educational programs such as Personal Performance in Mammographic Screening
(PERFORMYS) and Breast Reader Assessment Strategy (BREAST), which identify the types of
errors made by readers and provide visual feedback, have been shown to be useful for tailoring

reader training and improved reader performance.

Chapter 2 ultimately found the standards for mammography screen to be inconsistent across
different boards and countries and no specific reader characteristics were associated with
versatility in mammography interpretation. Therefore, it was suggested that multivariate
models accounting for interactions between reader and image characteristics may help to

develop strategies to improve the performance and quality assurance in screening programs.

Chapter 3 is the starting point to the three-staged studies that first evaluated the current
development of test sets in training programs (Chapter 3), the development of a multivariate
model to determine the interactions between reader and case image characteristics in
mammography interpretation (Chapter 4) and the specific textural features that may most
influence reader’s performance in mammography reading (Chapter 5). Chapter 3 now
scrutinizes the current practices of developing mammography tests sets and aimed to find the

requirements of developing a mammography training test set.

Chapter 3 focuses on the second objective of the thesis: Evaluating the current practice in
evaluating mammography cases and its difficulty and presents the introduction, methodology,
results, discussion and conclusion for the current practices of using experts to determine a

mammography case’s difficulty, what characteristics were used for consideration to its
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difficulty and whether the difficulty determine is accurately reflected from the reader’s actual
performance from the mammography cases. An Ethical approval exemption was obtained for
this retrospective study and informed consent was collected from the radiologists. All images

and radiologist’s data were anonymous and de-identified.

In the following study in Chapter 3, both the Kruskal-Wallis H test and the Chi-squared test
was used to determine the significance between objective case difficulty and various
independent variables. By using the capabilities of both tests, the study aimed to unveil the
relationship between objective case difficulty and a variety of independent variables, offering

a multifaceted view of the factors influencing diagnostic accuracy.

The Kruskal-Wallish H test is a non-parametric statistical test used to compare more than two
groups to ascertain if there is a statistically significant difference in their medians. Differing
from traditional ANOVA, it does not assume a normal distribution of the data, providing a
more flexible approach to understanding ordinal or continuous data that is not normally
distributed. The study first compares objective case difficulty with various independent
variables, such as expert difficulty, breast density, and case type, Secondly, it explores how
different characteristics of the case images, such as breast density and case type, affect the
reader's performance in terms of objective case difficulty.

The Chi-squared test is used for categorical data to assess the likelihood that an observed
distribution is due to chance. The association between expert-determined difficulty and breast
density for normal and abnormal cases was analysed to determine if the distribution of

difficulty levels across different breast densities is random or if there is a significant pattern.

In summary, the study's methodical use of the Kruskal-Wallis H test and the Chi-squared test
provides a rigorous statistical framework to dissect the layers of complexity within medical
image interpretation. The calculated interplay between objective case difficulty and variables
like expert-determined difficulty, breast density, and case type offers invaluable insights into
the factors shaping diagnostic accuracy. These insights have the potential to inform better
practices, enhance training, and ultimately lead to improved patient outcomes.
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Mammographic image characteristics in educational test sets: the effect on expert

difficulty ratings and subsequent reader performance

Abstract
Rationale and Objectives: To investigate the impact that case image characteristics have on
expert-determined difficulty in a mammography test set and whether the predetermined

difficulty assessment reflects reader performance.

Materials and Methods: Retrospective data was collected from one hundred and sixty-five
radiologists who participated in the BreastScreen Reader Assessment Strategy (BREAST)
platform between 2015 and 2021. Data collected was from one single test set containing the
same 60 digital mammograms. A total of 20 cases were cancer-positive and 40 cases were
normal. Case image characteristics included breast density, expert-determined difficulty,
objective case difficulty (percentage of incorrect reports per case) and lesion characteristics.
Statistical significance was tested using a Kruskal Wallis H test and a Chi square test and a
simulation model was used to determine the number of readers needed for a reliable difficulty
metric.

Results: Expert-predetermined difficulty was significantly associated with breast density
classification (Kruskal-Wallis H = 7.675 p=0.022) and the case’s abnormality (Kruskal-Wallis
H = 13.279 p=0.001). However, there was no significant difference found between actual case
difficulty as determined by reader performance and expert-predetermined difficulty (p=0.750).
The simulation predicated around 10 readers were sufficient for a reliable difficulty metric.
Conclusion: Overall, our results showed that experts consider cases as more difficult that have
a greater breast density and when they are abnormal. Our data did not show any significant
association between expert-determined difficulty and actual case difficulty experienced by the
reader’s as determined by their performance in this test set.

Keywords: Mammography, quality assurance, training, expert, difficulty

Introduction

Test sets are widely used for quality assurance and educational purposes to review and report
reader performance in breast screening [1-3]. In Australia, the Breast Screen Reader
Assessment Strategy (BREAST) program has been implemented as a self-assessment training
tool throughout the breast cancer screening program and provides several test sets for readers
to evaluate and improve their performance in mammography interpretation [4]. A similar self-

assessment platform in the United Kingdom, the Personal Performance in Mammographic
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Screening (PERFORMS)’s , provides readers with expert opinions, known case pathology,
peer opinions as well as personal training and quality assurance [5]. These platforms attempt to
imitate the real clinical setting, although the test sets are oversampled with positive cases for
practical purposes.

In BREAST, similar to real-world screening examinations, test set cases typically consist of
four mammograms: images of the left and right breasts in the medio-lateral oblique (MLO) and
cranial caudal (CC) projections and all images are digital and de-identified. Cancer-positive
cases are biopsy proven, while normal cases are evaluated and determined by the consensus
reading of at least two senior expert radiologists following negative screen reports based on at
least a two-year follow-up. The cases in BREAST are carefully selected to be challenging to
participants to provide value in self-assessment, education, and training. The range of case
difficulty and inclusion is determined by an expert radiologist [6]. For PERFORMS, cases are
collected from the UK’s screening centres with the original radiologist and pathology report.
Similar to BREAST, based on mammographic features of the cases, expert radiologists
determine whether the case is suitable to be included in PERFORMS [7]. Therefore, in both
BREAST and PERFORMS, the current practice of test set development largely depends on
expert-determined case difficulty and quantifying of case difficulty is largely subject to the
expert’s opinion [8, 9]. However, one could argue that an expert’s understanding of difficulty
is not necessarily correlated with the actual case difficulty as usually ground truths (i.e., cancer
location and pathology report) are provided to experts while making decision about the case
difficulty and this could cause bias. Moreover, expert’s perception of difficulty could differ
from the actual appearance of difficulty for less experienced colleagues. Determining if the
expert-determined case difficulty is strongly correlated with the actual case difficulty is
essential for developing training and quality assurance programs such as BREAST and
PERFORMS as well as for developing the examinations.

Grimm et al. [8] and Mazurowski’s [10] studies explored the relevance of expert-determined
case difficulty with actual case difficulty for radiology trainees. Both studies found that an
increase in reader’s self-assessed and expert-assessed rated difficulty was associated with a
decrease in resident performance in mammography by evaluating the relationship between the
error rate of radiology trainees (an objective measure of difficulty) and the assessment of case
difficulty by expert radiologists (subjective measures of difficulty) [8][10]. It was shown that
an expert’s assessment of difficulty was associated with the trainee’s increase in false negative

errors but not false positive errors. However, their studies focused on radiology trainees, and it

41



is unclear if the findings can be extended to radiologists, in general. Additionally, Tapia’s et
al. [11] found that readers tend to perform better in cases with lower breast density in
comparison to cases with higher breast density. It is unknown if the expert-determined case
difficulty is correlated with breast density and whether the expert-determined case difficulty
could add any complementary information to the breast density for predicting case difficulty.

In all previous known studies using mammography test sets as a method of evaluating and
training radiologist’s performance the cases and their difficulty are pre-curated and determined
by experts. However, no known studies have evaluated how prospective grading of case
difficulty by experts is decided and how this correlates with actual measures of retrospective
case difficulty recorded by the participants. The percentage of incorrect reports can be used as
an actual or objective measure of difficulty.

Ideally, if unlimited resources were available to create a test set, one would recruit a cohort of
radiologists to assess a bank of cases. If the cohort is large enough, based on their performance,
an objective and reliable case difficulty could have been calculated. However, as in practice,
recruiting a large cohort of readers is not possible, determining the minimum number of
required radiologists to produce a reliable objective case difficulty is highly desirable.
Currently this minimum number is unknown. As this study included a very large number of
radiologists (i.e., 165 participants), we also conducted a set of simulations to identify this
minimum number.

Therefore, the purpose of this study was (1) to measure the image characteristics used to
determine case difficulty by experts, (2) whether this prospective expert determined difficulty
is an accurate predictor of the actual case difficulty using an objective measure of difficulty
produced by reader performance in the datasets, and (3) to determine by simulation the
minimum number of radiologists required to provide a reliable objective case difficulty.

Methodology

Reading conditions

The BREAST test set was read in reporting rooms in the clinical setting or in conference venues
in rooms designed to emulate environments typically used to interpret radiology images. In our
data set, out of 165 readers, 111 readers were clinic-based, while 54 readers were from
conferences. The readers at conferences viewed the images using the Sectra Breast Imaging
PACS (Sectra, Linkdping, Sweden; Hologic, Bedford, Mass), which provided post-processing
tools for the reader such as zooming, windowing, panning. These rooms used ambient lighting

below 10 lux [12] and in terms of hardware, workstations were either linked to two MFGD
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5621 monitors (Barco, Kortrijk, Belgium), or two RadiForce G51 monitors (Eizo, Ishikawa,
Japan) and were calibrated to the Digital Imaging and Communication in Medicine grayscale
standard display function, had a contrast ratio of 365:1, and displayed a maximum luminance
within 5% of 475 cd. m™2, minimum luminance of 1.3 cd.m™2.

Data collection

Ethical approval was obtained for this retrospective study and informed consent was collected
from the radiologists. Between 2015-2021, 165 radiologists completed this selected test set.
All images and radiologist’s data were anonymous and de-identified.

Test set

A single test set with a total of 60 mammaography cases from BREAST was used. It consisted
of 20 cancer-positive cases and 40 normal cases. The cancer-positive cases had a variety of
lesion sizes and appearances. Each case consisted of four mammograms: the left and right
cranial caudal projections and the medial lateral oblique projections. Breast density
classification data was included and was categorised from 1-4 using BI-RADS and consisted
of the following categories: (1) fatty, (2) fibro glandular density, (3) heterogeneously dense,
and (4) extremely dense. For the purposes of this study, breast density was classified as either
“Dense” breasts consisting of category 3 and 4 cases, and “non-dense” breasts consisting of
category 1 and 2 cases.

The test set items were selected from BreastScreen NSW’s Digital Breast Image Library.
Cancer cases are all been obtained from surgical pathology, while negative cases have been
determined by the consensus of at least two senior radiologists, following a normal screen result
by two readers (4).

Expert-determined difficulty

The case difficulty was determined by an expert radiologist who had held the position of State
Radiologist in BreastScreen New South Wales, Australia. To determine the difficulty of each
case, the expert examined each case retrospectively and rated the difficulty based on the
probability of a radiologist potentially missing the pathology. The range was defined from 1-3
(‘Easy’, ‘Intermediate’, and ‘Difficult’, respectively). In this test set, there were 12 ‘Easy’ cases
(9 non-dense cases and 3 dense cases), 38 ‘Intermediate’ cases (17 non-dense cases and 21
dense cases), and 10 ‘Difficult’ cases (1 non-dense case and 9 dense cases). It is important to
note that the 165 readers who participated were unaware of the difficulty of the case items as
previously determined by the expert radiologist during the reading session.

Reader performance data
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To evaluate the cases in the test set, readers were provided the MLO and CC views of the left
and right breast per case. The reader could mark lesions anywhere on the image and used the
Royal Australian and New Zealand College of Radiologist’s (RANZCR) breast imaging rating
system to grade the case. The rating system ranges from 1- 5 (1- ‘Normal’; 2-‘Benign’; 3-
‘Equivocal’; 4-‘Suspicious’; 5-‘Malignant”). A score classification between 3-5 was used to
determine increasing confidence in malignancy of the marked area. Should the reader not find
any abnormality, they clicked “Next case” and the platform automatically marked the cases as
RANZCR score 1 (normal). Only the reader’s first attempt at the test set was used. Readers
were not aware of the prevalence and types of cancers included in the test sets.

Objective case difficulty

The objective difficulty for each case was calculated at the case level by determining the
percentage of incorrect interpretations per case. This calculation involved dividing the total
number of incorrect readings by a reader per case ( including false positives and false negatives)
by the total number of interpretations for that case (n=165). A lower percentage indicates an
easier case, and vice versa. For example, case number 1 was classified by experts as a normal
dense case with an intermediate difficulty. Given that the total number of incorrect readings
(false positives) was n=115, the objective measure of difficulty is [100 — (115/165) * 100],
equating in a 30% difficulty level, classified as easy.

Statistical analysis

For the statistical analysis, the Kruskal-Wallis H test was used to determine the significance
between objective case difficulty and the groups of independent variables. For the first analysis,
the independent variables included expert difficulty (Easy, Intermediate, and Difficult), breast
density (dense and non-dense) and case type (Normal and Cancer-positive). To measure which
case image characteristics impact reader performance, the Kruskal Wallis H test was performed
to determine the significance of breast density and case type for objective (or actual) case
difficulty.

To determine factors impacting the difficulty determined by experts, the case image
characteristics were correlated with the expert-determined difficulty. For normal cases, the
association between expert-determined difficulty with the breast density was measured using
the chi-square test. Whereas for abnormal (cancer-positive) cases, in addition to the breast
density, the relationship between the case difficulty and lesion characteristics, including lesion
type, side of lesion, site of lesion and size of lesion, against expert determined case difficulty

was investigated using the chi-square test.
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Simulation

Finally, to determine the minimum number of required radiologists to produce a reliable case
difficulty, for each case and each value for k ranging from 1 to 165, we conducted a simulation,
where k readers were randomly selected, and the case difficulty is calculated based on the
assessment of these selected readers. To create a distribution, we repeated the random sampling

process 1000 each time.

Results

Test set characteristics

The details of the test set in terms of expert-determined difficulty and breast density are shown
in Table 1. Out of the 20 cancer cases, there was 7 dense cases and 13 non-dense cases. In
terms of expert-determined difficulty, no dense cancer cases were classified as easy, 3 dense
cancer cases were classified as intermediate and 4 were classified as difficult. For non-dense
cancer cases, there was only 1 case classified as easy, 8 classified as intermediate and 4 were
classified as difficult. The number of cancer cases categorised on their characteristics (‘lesion
type’, ‘side of cancer’ and ‘site of cancer’) is shown in Table 1, lesion size ranges from 3mm
to 25mm. Both cancer-positive dense and non-dense cases had 4 difficult cases each. Regarding
the normal cases, most of the dense cases were classified as intermediate cases (n=16), while
non-dense normal cases have around the same easy and intermediate cases (10,11,
respectively), and non-dense cases had no difficult cases.

Factors determining difficulty.

The Kruskal Wallis H test did not show a significant difference between the expert-determined
difficulty (Easy, Intermediate, and Difficult) and objective case difficulty (p=0.750). However,
Chi-Squared test results showed the expert radiologist tended to assign higher difficulty to
abnormal (cancer-positive) cases, compared to the normal cases (P-0.001). Furthermore, the
expert radiologist also assigned higher difficulty ratings to dense breasts compared to non-
dense breasts (p= 0.022).

For the chi-square test conducted for cancer cases, the case image characteristics (breast
density, lesion size, lesion type, side of cancer, and site of cancer) against expert-determined
difficulty, none of the variables showed significance (p= 0.445, 0.076, 0.425, 0.580, 0.154
respectively). Conversely, using the Chi-square test showed significance for expert-determined

difficulty against breast density for normal cases (p=0.006).
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Table 1. Number of cases per characteristic according to expert determined difficulty.

Difficult
Characteristic Easy cases Intermediate cases  cases
Normal
Dense 1 16 2
Non-Dense 10 11 0
Cancer
Dense 0 3 4
Non-Dense 1 8 4
Lesion Type
Discrete Mass 0 3 1
Non-specific density 1 2 2
Stellate/Spiculated
Mass 0 4 5
Calcification 0 2 0
Side of Cancer
Left 1 5 4
Right 0 6 4
Site of Cancer
Central 1 3 0
Lower 0 3 2
Upper 0 5 6

Reader performance

Notably, case type (defined as either a normal or abnormal case), breast density and expert-
determined difficulty did not have any significance in affecting actual case difficulty (p=0.701,
0.186, 0.750, respectively).

Figure 1 illustrates the percentage of correct reports (calculated by 100%-objective difficulty)
between normal and cancer-positive groups measured against their case’s accuracy. Notably,
cases 1 and 4 were outliers in normal cases with an average accuracy of 35.15% and 42.42%,

respectively.
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Figure 1. Boxplot between normal and cancer cases against 100% — objective difficulty, i.e.,

Figure 2 shows the percentage of correct reports between the three groups of difficulty
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100.00%

50.00%

60.00%

40.00%

100 - Objective Difficulty

20.00%

.00%

00%

Boxplot of 100 -by Expert Difficulty

A%

B2%

Easy

Medium Difficult
Expert Difficulty

Figure 2. Boxplot between Overall Expert-determined difficulty against 100% — objective

difficulty.
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Figure 3. Boxplot between Expert-determined difficulty relative to the case’s abnormality
type against 100% — objective difficulty.

Figure 3 illustrates that accuracy varies for "Normal™ case assessments, with a broad range in
the easy cases, indicating divided reader performance. In contrast, "Cancer" cases are more
consistently assessed, especially for easy and intermediate difficulties. However, accuracy
dips for difficult cancer cases, as shown by a lower median and a narrow IQR, despite high
consistency. Outliers in both normal and cancer categories highlight exceptionally divergent
accuracy rates. Overall, while experts show consistent assessments in cancer cases across
difficulties, difficult cases generally result in lower accuracy, and the variation in normal
cases suggests differing levels of challenge for the experts.

Simulation

To simulate case difficulty, a boxplot similar to the one shown in Figure 3 can be created for
each case. The x-axis represents the different values for k, which is the number of readers
whose assessments were used to calculate the case difficulty. Each boxplot shows the
distribution, based on 1000 repetitions, of the case difficulty.

As expected, the interquartile range (IQR) is wider when k is smaller, but with larger values of
k (i.e., when the difficulty score is calculated based on the opinions of more readers), the IQR

becomes smaller. For each case and for each possible value of k, we calculated the IQR and
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identified the k value where the IQR is less than 0.2. This value represents approximately +0.1
(x10%) from the median value (the red line in the middle of the boxplots in Figure 4), which

is stable across all possible values of k and is equal to the difficulty score from all 165 readers.

Number of Readers
Figure 4. Boxplot illustrating the simulation used to calculate case difficulty.

Minimum number of readers for having a reliable case difficulty metric

We calculated the minimum number of required radiologists to achieve a reliable objective
difficulty measure for each case. For all cases, relying on the assessments of 13 or fewer readers
would result in a reliable difficulty metric. For 75% of the cancer cases (15 out of 20),
assessments from less than 10 readers were sufficient to produce a reliable difficulty metric.
For four of the normal cases, assessments from 12 readers were required, while for the
remaining normal cases, relying on 11 or fewer readers was sufficient to reach a satisfactory
level of reliability (Figure 5). Overall, for 78% of normal cases (31 out of 40), access to less
than 10 readers was adequate. The average number of required readers was 8.0+3.9 for cancer
cases and 8.1+2.8 for normal cases (p=0.36)
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Figure 5 - The distribution of the minimum number of required radiologists for producing a
reliable metric for the case difficulty. The median values are 9 and 8 radiologists for cancer

and normal cases, respectively.

Discussion

The aim of this study was to determine which case image characteristics were used by experts
to determine case difficulty in mammography test sets and whether this rating accurately
reflected reader performance. Also, to determine by simulation the minimum number of
radiologists required to determine an objective assessment of difficulty. It was hypothesised
that an expert radiologist’s difficulty rating would be reflected in the performance of the readers
in our study, but our data did not support this hypothesis. From our study’s findings,
retrospective grading of mammography case difficulty by an expert was shown to increase
primarily determined by increased breast density and if the case was abnormal (cancer positive.
With regards to its reliability as an accurate predicator to objective reader performance, our
study showed no significant association between expert (subjective) determined case difficulty
and actual (objective) case difficulty, defined as percentage of incorrect report for a case. With
regards to the simulation, to our knowledge, this is one of the first papers which used
simulations to predict the number of readers needed to predict difficulty as a metric.

The mammogram’s case image type (normal or abnormal cancer-positive cases) and breast

50



density (dense and non-dense) were the main factors determining case difficulty rating by these
experts and neither of these lesion characteristics were shown to be a predictor of reader
performance difficulty. The reader’s objective performance in this test set was not associated
with the expert-determined difficulty and contrary to expert-opinion, readers performed
marginally better in cancer-positive cases in comparison to normal cases. Figure 2 illustrates
that expert-determined difficulty did not accurately reflect on readers performance as they
showed similar performance levels regardless of difficulty level.

Previous studies have presented varied conclusions regarding the association of case difficulty
and breast density. Some studies, primarily focused on film-based mammography, have
indicated that diagnostic efficacy in mammograms decreased when breast density increased
(13, 14). Specifically, breast density reduced reader sensitivity due to the masking effect as
radio-opaque anatomic structures were potentially superimposing pathology. Similar findings
were observed in studies related to digital mammography (15-18). However, more recent
findings have suggested that the masking effect of dense breasts was greatly reduced in the use
of digital mammography compared to film-based mammaography (15, 19, 20). Al Mousa et al.
(21) even suggested that experienced radiologists using digital mammography may improve in
performance with increasing mammography density. Our results suggest that the experts who
determined the case difficulty in this test set tend to follow previous findings, in that, increasing
breast density increases the difficulty of the case. This corresponds to Ang et al.’s findings
where they found that mammographic breast density has an impact on determining the case
difficulty in normal cases(22). However, in actual reader performance breast density did not
appear to have an impact (p=0.186). It is likely that as digital-based mammography offers post-
processing tools for readers to manipulate the mammograms (such as changing contrast,
windowing, and colour inversion) these tools may have electronically mitigated some of the
issues radiologists used to face when interpreting dense breasts using previous film-based
mammaography.

In terms of clinical implications, our findings show that, where possible, the development of
test sets as educational or quality control materials should ideally use objective reader
performance where this is available instead of expert opinion as a measure of difficulty in
mammographic cases to provide a comprehensive test set to improve and monitor reader
performance. Notably, our simulation suggests that using around 10 readers was sufficient to
determine the difficulty of a test set image, which may be implemented as a guideline for test

set development. Furthermore, our results emphasise the need to enable readers to recognise
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normal cases better and more confidently, as our reader performance results suggested that they
perform better in identifying pathology in mammograms in comparison to identifying normal
cases.

With regards to the test set curation, it is important to note that the curation process may have
impacted the case difficulty. The expert who selected the mammography cases to build the test
set considered the educational value each case could offer to the readers. As a result, the test
set may inherently be more ‘difficult’ compared to what readers typically encounter in a

screening or diagnostic environment.

The prevalence effect could limit the generalisability of our findings to real-world practice and
other settings. In comparison to the clinical setting and in line with Gur et al.’s study, test sets
usually exhibit a higher number of positive cases. This may contribute to the laboratory effect,
as our readers tended to perform better in cancer-positive cases compared to normal ones (23).
However, a previous study has demonstrated a moderate level of agreement between clinical
performance and test set interpretation (24). Another potential limitation of our data is the
comparability of our user data, as most of our readers used the BREAST platform in the clinical
setting, while around a third performed their BREAST interpretations either at conferences or
workshops. However, in the conferences and workshops, BREAST has accounted for the
reading conditions and replicated the condition to be as close to the clinical setting as possible,
so the impact the reading environment has on the reader should be minimised.

Another limitation of this study involves a discrepancy between the number of readers in the
BREAST platform (n=165) and the number of experts who determined the test set difficulty
(n=1). Currently the BREAST platform uses only used one expert to grade difficulty of each
test set and it would be useful to investigate the effect of an increased number of experts in
future studies. Additionally, from our simulation, it may be beneficial to find readers to curate
to the test set to determine the difficulty of each image set in the development of future test

sets.

Conclusion

In summary our findings show that our expert primarily used breast density and case type
(normal or abnormal cancer-positive) to determine case difficulty in our case test set. However,
this expert-determined difficulty does not appear to mirror the case’s objective difficulty as
demonstrated by reader performance. The results emphasise the importance of examining

reader performance and using it as an indicator in the development of test sets where available.
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As such, it would be useful to further explore and identify what case characteristics the readers
found most difficult to add further to the construction of test sets to develop their educational

value in the future.
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Chapter Four

Evaluating the impact of reader-based and image-based
characteristics on diagnostic efficacy in mammography
interpretation using multivariate mixed analysis
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4.1 Chapter Introduction

Chapter 4 manuscript is currently under review at the Journal of Medical Imaging and
Radiation Oncology. Additionally, a shorter version of the paper was accepted and presented
in RANZCR 2021 (Appendix D).

Chapter 3 evaluated the existing practice of developing mammography test sets for the training
platform BREAST by collecting data from a single test set consisting of 60 digital
mammograms, containing 20 cancer-positive cases and 40 normal cases. The findings revealed
that expert-determined difficulty was primarily influenced by breast density classification for
both normal and cancer-positive cases. However, there was no significant difference observed
between the expert's determination of difficulty and the actual difficulty experienced by the

readers based on their performance in the test set.

Furthermore, the simulation suggested that around 10 readers would be sufficient to establish
a reliable difficulty metric. The study indicated that experts tend to consider cases with higher
breast density and abnormality as more difficult. However, there was no significant correlation
between expert-determined difficulty and the actual difficulty experienced by the readers in
this particular test set. This approach may have potentially introduced a limitation in Chapter
3’s results as the protocol followed BREAST’s training platform’s practices of individual test
sets. As such, only the image characteristics presented by the cases in the test set was
considered and the only reader performances that were extracted were related to this test set,
which may potentially skew the results. Therefore, in the methodology in this Chapter would
effectively ‘merge’ all of the test sets available on BREAST and use all of the reader’s

performance from there.

Continuing on this project, Chapter 4’s aim was to explore potential reader and case
characteristics impacting reader performance. As Chapter 2’s literature review proposed that
the use of multivariate models that consider the interactions between reader and image
characteristics could be beneficial in devising strategies to enhance performance and quality

assurance in screening programs.

Chapter 4 focused on the third objective of the thesis and presents the introduction,
methodology, results, discussion, and conclusion of the multivariate model for determining

reader and imaging characteristics that was most influential to reader performance.

56



Linear Mixed Models (LMM) are a class of statistical models that are particularly useful for
analysing data with complex structures, such as those arising from hierarchical or longitudinal
designs. In the context of Chapter 4, LMM is used due to its ability to handle both fixed and
random effects within the same model. Random effects include reader characteristics (like
years of experience, specialization, etc.) and case characteristics (such as breast density and

difficulty rating).

LMMs distinguish themselves by their adeptness in handling multilevel data structures. These
models are designed to address the multifaceted nature of datasets that are not adequately
represented by flat, two-dimensional table structures. Hierarchical data, for instance, can arise
in medical studies where patients are nested within different treatment groups or in educational
research where students are grouped within classes. Longitudinal designs, where the same
subjects are measured multiple times over a period, also benefit from the layered approach of
LMMs.

The analytical power of LMMs in this study is primarily attributed to their ability to
simultaneously accommodate both fixed and random effects. Fixed effects are consistent and
predictable influences across all individuals or units in the study—factors that are of primary
interest to researchers. In contrast, random effects represent the unexplained variability within
these units. They could stem from inherent differences among subjects or experimental units

that cannot be directly measured or controlled.

The strength of LMM s lies in their capacity to incorporate random effects, which account for
variations that are not explained solely by the fixed effects. By including these as random
effects, LMMs allow for individual differences and do not force the assumption that all readers
or cases respond in a homogenous manner. Another significant aspect of LMMs is their ability
to manage the potential correlation within grouped data. For instance, multiple interpretations
made by the same reader are likely to be more similar to each other than to interpretations made
by other readers. This intra-group correlation can lead to biased estimates and incorrect

conclusions if not properly accounted for.

The versatility of LMMs is further showcased in their treatment of random effects. Unlike
fixed-effects models, LMMs do not operate under the restrictive assumption that all subjects
or cases are drawn from a homogenous population. This is particularly relevant when

considering reader characteristics in medical studies. Two radiologists with the same number
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of years in practice may differ significantly in their diagnostic approaches due to factors like
sub-specialization or the specific nature of their clinical experiences. LMMs account for such

individual differences, thereby providing a more realistic and individualized analysis.

Another salient feature of LMMs highlighted in the chapter is their adept handling of correlated
group data. This is crucial when the same reader may interpret multiple cases, introducing the
possibility that their interpretations could be more similar to each other than to those made by
different readers. Such intra-group correlations, if unaccounted for, can skew results and lead
to false inferences. By incorporating random effects that capture these correlations, LMMs
ensure that estimates remain unbiased, and conclusions drawn from the analysis stand on firm

ground.
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Evaluating the impact of reader-based and image-based characteristics on diagnostic

efficacy in mammography interpretation using multivariate mixed analysis

Abstract

Rationale and Objectives: To investigate the impact of reader-based and image-based
characteristics on reader performance on mammography interpretation using linear mixed
modelling analysis.

Materials and Methods: A total of 479 Australian radiologists participated in this study,
where six test sets were used. Readers completed a survey collecting reader-based
characteristics. These test sets contained 60 cases (20 cancer cases, 40 normal cases) and reader
and image-based characteristics were collected. Case difficulty was determined prospectively
by an expert radiologist classifying cases as easy, intermediate, and difficult. For statistical
analysis, linear mixed modelling analysis was used. Three models were created: case-based
characteristics; reader-based characteristics, and a combination of both. Normal cases and
cancer cases were evaluated separately.

Results: For the normal case model, image-based characteristics showed expert-determined
difficulty was significant (P<0.05) exhibiting decreasing performance as difficulty increased.
The reader-based characteristics model found weekly cases interpreted and reader’s
specialization significant, P-values were =<0.01 in normal cases. The cancer case’s model
found none of the image-based characteristics significant. For reader-based characteristics only
years in specialty was significant with increasing years improving performance. The mixed
model found expert-determined difficulty (P values<0.05) significant with increasing difficulty
reducing reader performance and number of cases interpreted per week (P values <0.05).
Conclusion: Expert-predetermined difficulty and cases interpreted weekly were consistently
significant factors impacting performance, with increasing difficulty reducing performance and
increasing cases interpreted improving performance. However, the cancer cases' characteristics
were inconclusive and require future texture-based radiomic analysis for further investigation.

Keywords: Mammography, quality assurance, training, expert, characteristics

Introduction

Screening mammography remains the gold standard for the early detection of breast cancer (1).
However, sensitivity of mammography-based screening for cancer detection remains varied
across different countries around the world, ranging from 50% to 99% (2-4). To ensure an

acceptable sensitivity level, many guidelines in different countries require their mammography
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readers to interpret a specific number of annual cases to maintain their screening
mammography certification (5-7). However, the minimum required interpretative volume
varies among countries and jurisdictions and the existing literature does not provide adequate
evidence to necessarily support different minimum requirements. These discrepancies in the
requirements and this variable reader performance makes it difficult to standardize quality
assurance processes and determine the suitable educational materials needed to improve
screening standards.

Annual reading volumes are the most common reader-based characteristic used to estimate the
reader performance in mammography interpretation (3, 8-13). However, some studies suggest
that reading volume alone is insufficient(14) and other metrics such as lifetime reading volume
may be more suitable in evaluating reader performance as it combines both experience and
reading volume (15-17). Previous studies have reported mixed findings regarding the
relationship between annual reading volume and reader performance, in Australia the annual
reading volume is 2000. Most studies have found a significant positive relationship between
annual screening volume and improved reader performance (18-23) , however two studies did
not find any association between these two factors (24, 25). Also accounting and adjusting for
image-based features was not commonly performed in previous studies, as their methodologies
mostly focused on evaluating the reader’s predictive performance such as cancer detection rate,
sensitivity, lesion sensitivity, ROC and JAFROC.

Using a multi-case multi-reader analysis framework can further increase the power of these
studies. In such analysis rather than considering the pooled reader performance (8), the
information provided by each data point i.e., each reader’s assessment for each case is
considered. This multivariate analysis using several reader factors including image-based
characteristics is useful to further interrogate the underlying primary determinants of reader
performance as an alternative to purely evaluating reader characteristics individually.
Therefore, the purpose of this study was to conduct a multivariate investigation of the impact
of reader-based and image-based characteristics in reader performance in mammography
interpretation to investigate which characteristics are associated with the diagnostic efficacy of

screening mammography.

Methodology
Reading conditions
The BREAST test sets were interpreted by reader mainly conference venues, where the rooms

were designed to emulative the clinical environment typically used to interpret radiology
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images, or in actual reporting rooms in the clinical setting. In various conferences, the readers
viewed images using Sectra Breast Imaging PACS (Sectra, Linkdping, Sweden; Hologic,
Bedford, Mass), which provided post-processing tools for the reader such as zooming,
windowing, panning. The rooms used ambient lighting below 10 lux and for the workstation’s
hardware, they were either linked to two MFGD 5621 monitors (Barco, Kortrijk, Belgium), or
two RadiForce G51 monitors (Eizo, Ishikawa, Japan) and were calibrated to the Digital
Imaging and Communication in Medicine grayscale standard display function, had a contrast
ratio of 365:1, and displayed a maximum luminance within 5% of 475 cd. m—2, minimum
luminance of 1.3 cd.m™2.

Data collection

Ethical approval was given for this retrospective study and informed consent was collected
from the radiologists. Between 2015-2021, 479 radiologists completed the selected test set. All
images and radiologist’s data were anonymous and de-identified.

Test sets

A total of six test sets with a total of 60 mammography cases each from BREAST were used.
Each test sets consisted of 20 cancer-positive cases and 40 normal cases. The cancer-positive
cases had a variety of lesion sizes and appearances. Normal cases remained normal based on a
two-year follow-up. Each case consisted of four mammograms: the left and right cranial caudal
projections and the medial lateral oblique projections.

Case characteristics

Mammography cases were categorised as either normal or abnormal cases. Normal case
characteristics consisted of only breast density. Breast density categorisation initially used the
BIRADS breast density categorisation as follows: A — Fatty (0-25% glandular), B —
Fibroglandular (25-50% glandular), C — Heterogenous (51-75% glandular), D — Extremely
dense (76-100% glandular). For the statistical purposes of this study, breast density was then
grouped together classified as either “Dense” breasts consisting of category 3 and 4 cases, and
“non-dense” breasts consisting of category 1 and 2 cases.

For abnormal cases, in addition to breast density, the pathology characteristics were included
and consisted of lesion side (left or right breast), lesion type (calcification, discrete mass,
stellate mass, non-specific density, architectural distortion, and spiculated mass), lesion length
measured in millimetres via biopsy.

Both normal and abnormal cases had a difficulty rating determined by an expert who had held

a very senior position in BreastScreen Australia. This expert rated the difficulty based on the
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probability of a radiologist potentially missing the pathology. The range was defined from 1-3
(‘Easy’, ‘Intermediate’, and ‘Difficult’, respectively).

Reader data

To evaluate the cases in the test set, readers were provided the MLO and CC views of the left
and right breast per case. The reader could mark lesions anywhere on the image and used the
Royal Australian and New Zealand College of Radiologist’s (RANZCR) breast imaging rating
system to grade the case. The rating system ranges from 1- 5 (1- ‘Normal’; 2- ‘Benign’; 3-
‘Equivocal’; 4- ‘Suspicious’; 5- ‘Malignant’, respectively). A score classification between 3-5
was used to determine increasing confidence in malignancy of the marked area. Should the
reader not find any abnormality, they clicked “next case” and the platform automatically
marked the cases as RANZCR score 1 (normal). Only the reader’s first attempt at the test set
was used. Readers were not aware of the prevalence and types of cancers included in the test
sets.

Reader Characteristic

Readers who participated in the BREAST program were asked to complete a survey regarding
their experience and training prior to starting the test set. The survey collected the reader’s
characteristics including age, gender, role (either a trainee or radiologist), years in speciality,
the reader’s specialisation, number of cases interpreted per week, fellowship training, and
whether the reader works in a breast screening program.

Statistical analysis

For the statistical analysis, the first part of this study was to evaluate how the reader/case
characteristics affected the reader’s accuracy via linear mixed modelling. For reader accuracy,
the dependent variable used in the linear mixed model is an accuracy score calculated as a
proportion of correct interpretations. Linear mixed modelling was selected to evaluate how the
fixed effects such as a reader characteristic (i.e., number of cases interpreted per week) or case
characteristic (i.e., breast density) affects the reader’s accuracy, measured by either correctly
marking the lesions or by their confidence score. To account for multiple readers and cases,
these two factors were classified as random effects in the linear mixed model. The modelling
was done in the R statistical programming environment (version 4.1.2) and used the Ime4 and
ImerTest packages.

The linear mixed models were divided from into three categories (1. case-based characteristics,
2. reader-based characteristics, and 3. mixed-characteristics) and explores normal and cancer

cases separately.
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Results

In this study, we selected readers who completed one specific test set. Between 2015-2021,
there has been 479 Australian radiologists who had participated in the six test sets used for this
study, totalling to 38160 individual case readings. To ensure minimal bias in test set
interpretation, only the reader’s first attempt at the test set is used in this study. The
demographics of readers who completed the survey and participated in interpreting the
BREAST test sets are listed in Table 1.

The details of the six test sets used are shown in Table 2 and 3 for normal and cancer cases,
respectively. Each test set contained 20 cancer cases and 40 normal cases. For cancer cases’
classification, Table 3 shows additional cancer case details categorised based on the lesion type,

side of cancer, site of cancer, and lesion size measure in millimetres.

Table 1. Radiologists’ characteristics and experience during test set completion

Reader characteristic n=479
Mean age (years old) 46.22
Gender

Female 191
Male 239
Non-specified 49

Mean number of years in specialisation 4.0489
Reader Specialisation

Breast 301
Breast | Lung | Other 2
Breast | Other 14
Lung 1
Other 149
Not available 12
Number of mammograms interpreted
weekly

0-20 301
21-60 56
61-100 46
101-150 29
151-200 21
over 200 26
Fellowship trained in breast 9
Working in a breast screen program 120

Readers using digital images for

interpretation 418
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Table 2. Normal case characteristics

Normal Case characteristic n=240
Breast density

Non-dense 124
Dense 116
Case difficulty

Easy 117
Intermediate 109
Difficult 14

Table 3. Cancer case characteristics

Cancer Case characteristic n=120
Breast density

Non-dense 57
Dense 63
Case difficulty

Easy 19
Intermediate 38
Difficult 70
Cancer Type

Architectural Distortion, Stellate 62
Calcification 21
Discrete Mass 15
Nonspecific density 22
Lesion Size

<=15mm 101
>15mm 24
N/A 2
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Table 4. Linear mixed model results separated by reader and case characteristics and normal

and cancer case type

Normal Cancers
Number
Characteristic Numbe-r of Model 1 & 2 Combined of  data Model 1 | Combined
data points Model (3) oints &2 Model (3)

Difficulty
Difficult (Intercept) 14 0.634* 1.5797* 67 0.692* -1.0047*
Easy 117 0.174* 0.17512 18 0.169* 0.522*
Intermediate 109 0.119** 0.26644** | 35 0.0298 0.0404*
Breast density
Dense 116 -0.016 - 57 0.00393 |-
Non-dense 124 -0.049 - 63 0.0401 -
Lesion Characteristics
Calcification - - - 21 -0.0213 | 0.15345
Discrete Mass - - - 15 0.0553 0.109
Nonspecific density - - - 22 -0.0501 -0.0946
Architectural
distortion, spiculated | - - - 62 0.0242
mass and stellate 0.183

§ Lesion size - i - 120 -0.00169 | -
Reader Specialty
Breast (Intercept) 317 1.6968* 0.54829* | 317 0.7454* | 3.0509*
Non-Breast 162 -0.05675 -0.062** | 162 -0.02502 | -0.176*
Breast Screen Reader
No 359 -0.04837 - 359 0.038867 | -
Yes 120 -0.06038 - 120 -0.03585 | -
Breast fellowship

- No 384 0.27387 - 384 0.041077 | -

=

E Yes 94 0.017557 - 94 - -
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0.0527**
Number of mammograms interpreted per week
0-20 301 -0.09835* -0.08832* | 301 0.0229 0.15205*
21-60 56 -0.19212* -0.20419* | 56 0.0678* | 0.21397*
61-100 46 -0.24791* -0.26502* | 46 0.0482 0.26168*
101-150 29 -0.32152* -0.34073* | 29 0.0674 0.2916*
151-200 21 -0.0848 -0.09766 |21 0.111* 0.39452*
>200 26 -0.46454* -0.45984* | 26 0.0480 0.23064**

"*" for <0.01 and ** for P-values between 0.01-0.05.
Models 1 and 2 represent case-only and reader-only models, respectively while the combined

model included both case and reader-based features.

Linear Mixed Model — Case-based characteristics

For our first linear mixed model, we studied the impact case-based characteristics had on the
reader’s accuracy and the results are shown in Table 4. For both normal and cancer cases, the
model shows that the reader accuracy decreases as expert-determined difficulty increases (P
<0.05).

For breast densities, readers showed better accuracy in non-dense cases, compared to the dense
cases, however, breast density was not a significant characteristic in impacting reader accuracy
(P >0.05). Notably, although lesion-based characteristics were not significant, lesions classified
as stellate and discrete mass demonstrated that readers were more likely to mark these cases
correctly in comparison to calcifications. Furthermore, all lesion types with non-specific
densities (NSD) tend to perform worse compared to the other lesion types.

Linear Mixed Model — Reader-based characteristics

For reader-based characteristics, the results for normal and cancer case’s model differed
greatly. For the reader characteristics relative to reader accuracy in normal cases, the results in
Table 4 shows that the most significant reader characteristic is the number cases interpreted per
week, excluding 151-200 (p=0.236), the others (0-20, 21-60, 61-100. 101-150, and >200) were
all significant (P= <0.01). Another reader characteristic of note is the reader’s specialization,
as the results for readers who have a specialization relevant to breast were significant, the
results for readers without a specialization in breast were not significant and in comparison, to
breast specialised readers, non-breast specialists had a lower intercept, which suggests lower

reader accuracy.
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In terms of mammograms interpreted per week, the mean estimate decreases with increasing
number of mammograms interpreted per week. This suggests that readers who interpreted more
mammograms per week were more accurate in their confidence rating.

Conversely, for the cancer case’s linear mixed model, the number of mammograms interpreted
per week showed a similar trend in as the normal cases’ trend, where the estimate steadily
increased until 151-200 cases interpreted per week. However, the significance was not
consistent, only 21-60 and 151-200 were significant (P= <0.01). Notably, years in
specialization was significant with increasing years slightly improving reader accuracy.
Combined Model

When we combined significant reader and image characteristics into our mixed model, our
results show that number of mammograms interpreted per week and case difficulty both retain
a similar trend as they did from the previous two linear mixed models.

In terms of the mixed model where we combined case characteristics and reader characteristics
for the function for reader’s confidence, the notable significant results found are the case

difficulty and number of mammograms interpreted per week and years, respectively.

Discussion

This study explored the impact of reader-based and image-based characteristics on reader
accuracy in screening mammaography. After the readers undertook a test set, we compiled their
accuracy and survey details and processed their data in a series of linear mixed models. Our
results show that expert-predetermined difficulty and the number of cases interpreted weekly
were the consistently significant factors for image-based and reader-based characteristics,
respectively. The results we obtained from this study were largely expected both anecdotally
and from previous studies. However, we have provided this additional evidence to reinforce
these findings. Additionally, in comparison to previous studies, we have established a trend
between reader and image characteristics and their relationship with reader accuracy using a
large sample size for both readers and cases.

The purpose of using a linear mixed model was to find the relationship between multiple
variables with coefficients that could potentially vary with respect to one or more grouping
variables. Linear mixed modelling is composed of two parts: fixed effects and random effects.
The fixed effects are in essence, conventional linear regression analysis to predict the value of
a variable based on the value of another. The random effect factors are values that can be
considered a random sample from a larger population and are used to justify excess variability

per variable i.e., readers and test set items with varying characteristics between each record.
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By using this approach, we have provided stronger statistical power and establish a better
relationship between predictors and outcome variables. The estimate co-efficient represents the
strength of association between the variables relative to the determined intercept in the model.
By evaluating the difference in co-efficient values from the intercept and between other
variables, we could establish the characteristics that have the greatest impact on affecting reader
accuracy.

Previous studies have found that readers with an annual mammogram interpretation volume of
over 1000 perform better than those reading less than 1000 per year, with varying levels of
accuracy improvement among the previous studies(6, 11, 23, 26-29). Notably, our findings on
reading volume correlate closely with Kan’s study, where the cancer detection rate improves
proportionally with the number of mammograms interpreted, until a certain upper threshold is
reached where the reader’s cancer detection rate improvement rate is negligible. For Kan et
al.’s study, improvement in reader accuracy were not statistically significant beyond 2,500
annual screening mammograms interpreted (6). This suggests that while the reader’s accuracy
can be improved by increasing the interpretation volume, there is an upper limit to which
readers do not significantly improve in accuracy relative to the increased number of
mammograms read.

Regarding expert-determined difficulty, our findings show that with increasing expert-
predetermined difficulty, the reader’s accuracy is reduced. The current development for test
sets for education and training largely relies on using expert opinion for the curation test sets
and quantifying each case’s difficulty(30, 31). Notably, two studies found that reader accuracy
in mammography interpretation and expert-determined difficulty were associated. Specifically,
as expert-predetermined difficulty increases, the reader’s false negative errors increase as well,
but false positive errors were not associated (30, 31). In contrast in our finding’s expert-
determined difficulty impacted in the reader’s false positive errors in the normal images and
mixed model, but not exclusively in the cancer model for false negative errors.

Although from our results breast density was not a significant factor in impacting reader
accuracy, interestingly the readers in this study performed better in dense breasts in comparison
non-dense breasts for normal cases. Conversely, for cancer cases, readers performed better in
non-dense cases compared to dense breast cases. This finding may suggest that breast density
and the presence of malignancy together have an impact on the readers ‘abilities to screen
mammography. This finding is mixed compared to previous studies, while older studies related

to film-based mammography suggested that mammography interpretation in dense breasts
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encounter difficulty due to the masking effect super imposing potential malignancies (32, 33).
Modern digital-based mammography has partially resolved this issue as digital-based
mammography offers post-processing tools to manipulate the mammogram, reducing the issue
encountered the issue in film-based mammography(34). Therefore, this finding may suggest
that although digital mammography may have significantly reduced the negative impacts of
the masking effect in normal cases, the masking effect remains prevalent in malignant cases in
mammography. However, as the result is not significant further investigation is required.

For lesion characteristics, although the results were not significant; the cases categorised as
primarily stellate and discrete mass demonstrated that readers were more likely to detect this
pathology correctly in comparison to calcifications and non-specific densities. Incidentally, all
the cases that were classified primarily as non-specific densities (NSD) tended to perform
inferiorly when compared to the other lesion types. This correlates with Norsuddin et al.’s
findings which reported cancers with stellate masses were more easily detected while cancers
with non-specific density were more likely to be missed (35).

In terms of clinical implications, our findings reinforce that using annual reading volumes
required to maintain certification in mammography interpretation is a valuable method to
evaluate a reader’s ability. However, one problem with the current implementation of the
mammography’s guidelines is the variable requirement across different countries. Currently,
the reading volume required to maintain certification greatly varies between different regions,
In North America, the mean annual mammaographic interpretive volume was 1,777, with most
readers interpreting less than 1,000 per year(36). In the UK and several other European
countries, the recommended annual minimum reading volume is 5,000 mammograms per
reader(37).

Another clinical implication to consider is screening for non-specific densities and architectural
distortions. This type of breast cancer is the third most common appearance, however, it is
often a subtle finding in mammography(38). Compared to calcifications and discrete masses,
non-specific densities are often more difficult to diagnose because of their variability in
appearance (39). Recent studies show that compared to mammography, digital breast
tomosynthesis is better in detecting non-specific densities and architectural distortion in breasts
with readers often having lower interobserver variability and higher specificity in the detection
non-specific densities(40, 41). However, digital breast tomosynthesis is not widely
implemented in screening programs, therefore, we need to implement alternative methods to

improve the diagnosis of non-specific densities until the modality is introduced more widely in
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breast screening. One novel method of improving non-specific density diagnosis was suggested
by Pereira Junior et al, who used a combination of computer-aided detection and radiomics to
detect different differences in pixel values and their surrounding mean pixel value (42).

A potential limitation of our study may be the prevalence effect, where our results are
effectively created in a lab setting, and therefore our findings may not entirely reflect on real
practice and other settings. In comparison to what the reader commonly sees in the clinical
setting, the BREAST test sets have a higher number of positive cases and this may have resulted
in a laboratory effect as our readers tend to perform better in cancer-positive cases compared
to normal (43). However, a previous study has demonstrated a moderate level of agreement
between clinical accuracy and test set interpretation (44). Another potential limitation is the
potential comparability of the data from BREAST, as readers may have completed the test sets
in either a clinical setting or in a conference or workshop. However, in conferences and
workshops, BREAST has accounted for the reading conditions and simulated the conditions as
close as possible to actual clinical settings, so the impact of the conference reading environment

has been minimised.

Conclusion

In summary, our findings show that expert-determined difficulty and cases interpreted weekly
were consistently significant factors impacting reader accuracy using advanced analytical
methods. For case characteristics, increasing the case difficulty determined by experts reduces
the reader’s accuracy which has implications for experts curating future test sets for educational
and audit purposes. While for reader characteristics, increasing the number of cases interpreted
weekly improves the reader accuracy up to a certain threshold. Our results show that linear
mixed modelling provides extra insights into the impact of reader- and image-based factors on
reader accuracy in mammography interpretation. Future texture-based radiomic analysis would

be useful to further investigate, the cancer image cases' characteristics.
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Chapter Five

Investigating the association of textural radiomic features
and cancer characteristics with diagnostic errors in
mammography interpretation.
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5.1 Chapter Introduction

Chapter 5 manuscript is currently under review at the European Journal of Radiology.
Additionally, this study was accepted and presented at both RANZCR 2022 and MIPS2022
(Appendix E and F).

Chapter 5 finalises the project and builds on the findings from Chapter 4, The study found that
both expert-predetermined difficulty and the number of cases interpreted weekly had a
consistent impact on the reader’s performance in mammography interpretation. Increasing
difficulty levels were associated with reduced performance, while an increase in the number of
cases interpreted led to improved performance. However, the impact of cancer cases'

characteristics on performance was inconclusive.

While the multivariate model has established the primarily reader characteristics that affect
reader performance was the reading volume, image characteristics remains uncertain. As
previously mentioned, the findings of Chapter 3 and 4 may become contradictory due to the
inconsistent number of cases and readers between the two studies when it came to expert-
determined difficulty. Regardless, if we consider the findings of Chapter 3; specifically, the
characteristics that experts used to determine case difficulty, these findings may contrast the

findings from Chapter 4.

In Chapter 3, while experts primarily use breast density and presence of cancer as the indicator
of case difficulty, Chapter 4’s found none of the image characteristics to be significant.
However, there was a trend that readers consistently performed better in dense breasts
compared to non-dense breasts and specific malignancies such as stellate discrete masses were
more likely detected. As such, Chapter 5’s aim was to further investigate the influence cancer

case characteristics has on reader performance using texture-based radiomic analysis.

Chapter 5 focuses on the fourth objective of the thesis: Validating the impact case
characteristics has on reader performance and presents the introduction, methodology, results,
discussion, and conclusion for the impact textural radiomics in cancer cases has in reader
performance in mammography interpretation. After evaluating the performance metrics and
reader characteristics, this chapter would utilize textural quantization to quantify

mammography textures to evaluate the impact breast textures has on reader performance, as
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there may be interactions between anatomical textures and pathological textures influencing

reader performance.

Ridge Regression is a linear regression model that accounts for multicollinearity among
predictor variables. In multi-reader multi-case dataset, Ridge Regression is advantageous as it
permits the inclusion of all data points from multiple readers without the need of averaging
their performance. This approach enhances the statistical power by leveraging the full dataset.
The model treats cancer characteristics as random effects to account for variability across
multiple readers and cases. Fixed effects like breast density, cancer type, and radiomic features

are included to predict the reader's performance in lesion detection.

The model's approach to cancer characteristics is particularly noteworthy. Treating these
characteristics as random effects, Ridge Regression adeptly accounts for the inherent
variability across different readers and cases. This variability is a cornerstone of real-world
medical scenarios, where factors such as lesion size, shape, and location can influence a reader's
ability to detect them accurately. By recognizing and adjusting for these random effects, Ridge

Regression provides a more accurate reflection of the diagnostic process.

Furthermore, fixed effects like breast density, cancer type, and radiomic features are integral
to the model. These variables, known for their predictive value in lesion detection, are
incorporated to enhance the model's ability to forecast reader performance accurately. The
inclusion of these fixed effects allows for a nuanced exploration of how different characteristics
influence diagnostic accuracy, offering valuable insights into areas that might benefit from

focused training or technological enhancement.

Ridge Regression applies a penalty to the regression coefficients variables which shrinks them
towards zero, but not precisely zero. This penalty is the L2 norm of the coefficients, and it helps
in reducing model complexity. However, the limitations of Ridge Regression include its
inability to reduce the coefficients to absolute zero, which means it does not perform feature
selection and can result in a model that includes all predictors, thereby possibly retaining
irrelevant features. Additionally, the interpretation of the coefficients can become more
complex due to the shrinkage, especially when trying to understand the impact of interactions
in models that combine different types of characteristics, such as expert-determined and

radiomic features.
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However, it's important to acknowledge the limitations inherent to Ridge Regression. One
significant constraint is its inability to reduce coefficients to absolute zero. Unlike some other
regression techniques, such as Lasso Regression, Ridge Regression does not perform feature
selection. Consequently, the model may include all predictors, potentially retaining irrelevant
or less impactful features. This characteristic can lead to a more complex model that, while
robust, may include variables that do not significantly contribute to the predictive power of the

model.

Additionally, the interpretation of the coefficients in Ridge Regression can become challenging
due to the shrinkage effect. The reduced coefficients can be difficult to interpret, especially in
models that combine various types of characteristics, such as expert-determined and radiomic
features. Understanding the impact of interactions between these diverse variables becomes

more complex under the influence of coefficient shrinkage.
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Investigating the association of textural radiomic features and cancer characteristics with

diagnostic errors in mammography interpretation.

Abstract
Rationale and Objectives: This study investigated the association between localised extracted

textural features and cancer characteristics with the difficulty of a screening mammogram.

Materials and Methods: Using radiological and pathological reports, two expert radiologists
determined malignancy characteristics using features such as cancer type (e.g., architectural
distortions, calcification, etc.), cancer site, and cancer size (<15mm or > 15mm). The lesions
were also segmented and a comprehensive set of radiomic features, including first, second, and
higher order statistical features, features from Gabor multi-scale decomposition, features from
MR8 Filter Bank, and fractal dimension were extracted. Data from a total of 479 Australian
radiologists interpreting 120 cancer cases were collected. The analysis was conducted using
ridge regression model with least absolute shrinkage and selection operator. Three models were
created to establish the characteristics describing the appearance of difficult-to-interpret breast
cancer: one based on expert-determined cancer characteristics, another on extracted radiomics

characteristics, and a combination of both to explore potential interactions.

Results: The model based on expert-determined cancer characteristics suggests that the cancer
type, site, and size have the most significant impact on reader accuracy. The radiomic model
indicates that specific histogram and Haralick textural features affect diagnostic accuracy and
the atypical cancerous appearance (e.g., lesions with a higher information measure of
correlationl (IMC1), indicating a more structured texture, resembling the normal breast
parenchyma) hinders lesion detection.

Conclusion: Using quantised textural features, the results of this study have identified specific
lesion characteristics associated with the texture of malignancy that may contribute to reduced

cancer detection.

Keywords mammography, radiomics, textural features, pathology
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Introduction

Mammography is a crucial diagnostic tool for the early detection of breast cancer. However,
the interpretation of mammograms frequently presents challenges, owing to the intricate and
heterogeneous nature of breast tissue, consequently giving rise to both inter-observer and intra-
observer variability (1). To ensure optimal performance in breast cancer detection and to
mitigate these variabilities, it is imperative to devise effective strategies. One such strategy
could involve the identification of specific characteristics within lesions or images that render
cancer detection more challenging (2). During the development of educational materials,
particular attention should be paid to including cases featuring these distinct characteristics.
Moreover, equipping radiologists with knowledge about these features can contribute to
enhancing their diagnostic accuracy.

Radiologists often grapple with cognitive biases and errors that can substantially influence their
decision-making process. Meta-cognition, which denotes awareness and understanding of one's
own cognitive processes and underlying causes of errors, empowers radiologists to recognise
these biases and consciously counteract them (3). Over the past two decades, computer-aided
diagnosis systems and artificial intelligence (Al) tools have been developed to assist
radiologists in the detection and diagnosis of breast cancer. These tools utilise textural features
extracted from mammograms to identify suspicious lesions. Further understanding the intricate
interactions between these textural features and radiologists’ diagnostic accuracy can help
delineate cases on which Al might offer substantial benefits, given the heightened potential for
human observer errors.

While incorrect positioning or exposure is often cited as a cause of missed cancers in
mammography, previous research suggests that a comprehensive examination of other features
IS necessary (2). Among various factors, the impact of breast density on diagnostic performance
has garnered significant attention. While some studies indicate that missed cancers on
mammaograms are more likely to occur in denser breasts (2), others posit that missed cancers
tend to exhibit lower density and smaller size compared to easily detectable lesions. Notably,
limited data exists regarding the impact of other radiographic appearances of disease, such as
overall lesion morphology and texture (2). Some previous studies have examined shape and
boundary roughness for mass lesions and found that mammographic diagnostic sensitivity may
be adversely affected without appropriate attention to spiculation on the boundary and its
roughness (4-6). Despite the inclusion of a wide range of quantitative shape-based radiomic

features, textural features contributing to the difficulty of diagnosing cancerous breast lesions
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have not been investigated (4-6). According to the current literature previous studies have
explored the use of texture features in mammography and breast MRI but to assess the risks of
developing breast cancer (4-6) and parenchymal textural features of the breast are primarily
used in machine-driven identification and computer-aided diagnosis studies (7). Finally, none
of the earlier studies (4-6) included a very large cohort of radiologists to establish the case
difficulty to make the diagnosis.

Therefore, the purpose of this study was to explore the interactions between localised textural
radiomic features and cancer characteristics in mammography and how these factors influence
a radiologist’s final diagnosis. By doing so, this research aimed to identify specific areas for
intervention to enhance interpretive accuracy, develop quality assurance measures and create
training materials designed to improve reader performance, ultimately advancing the early
detection of breast cancer. The identification of meaningful associations between texture
features and diagnostic errors can also offer valuable insights into the effectiveness of future
Al tools, enabling the determination of cases in which radiologists may require more assistance

than others.

Methodology

Reading conditions
The BREAST test sets were read either in conference venues in rooms designed to simulate

environments typically used for interpreting radiology images, or in actual reporting rooms
within the clinical setting of the participants. In conference venues, the readers viewed images
using the Sectra Breast Imaging PACS (Sectra, Linkdping, Sweden; Hologic, Bedford, Mass),
which provided post-processing tools for the readers such as zooming, windowing, and
panning. These rooms were illuminated with ambient lighting levels below 10 lux. In terms of
hardware, workstations were either connected to two MFGD 5621 monitors (Barco, Kortrijk,
Belgium), or two RadiForce G51 monitors (Eizo, Ishikawa, Japan). These monitors were
calibrated to conform to the Digital Imaging and Communication in Medicine grayscale
standard display function, with a contrast ratio of 365:1, and displaying a maximum luminance
within 5% of 475 c¢d. m—2, minimum luminance of 1.3 cd.m™2.

Test sets

Six test sets, each consisting of 60 mammography cases from BREAST were used. Each test
sets comprised of 20 cancer-positive cases and 40 cancer-negative cases. Each case consisted

of four mammograms (left and right cranial caudal (CC) projections and the medial lateral
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oblique (MLO) projections). The cancer-positive cases were biopsy proven, with a variety of
lesion sizes and appearances.

Reader Performance

Ethical approval for this retrospective study was granted by the University of Sydney and
informed consent was obtained from the radiologists. To evaluate the cases in the test set,
readers were provided the MLO and CC views of the left and right breast for each case. The
readers were able to mark lesions anywhere on the image and used the RANZCR breast
imaging rating system to assess and grade each case. A RANZCR classification between 3-5
was used to indicate increasing confidence in the malignancy of the marked area. If the reader
did not identify any abnormalities, they clicked “next case” and the platform automatically
marked the case as RANZCR score of 1 (normal).

Case characteristics

Breast density was initially classified using the BIRADS breast density categorisation (A —
Fatty, B — Fibroglandular, C — Heterogenous, D — Extremely dense). However, for statistical
purposes, it was grouped into either “dense” (category 3 and 4 cases), and “non-dense”
(category 1 and 2 cases).

Variables describing cancer type (architectural distortions, calcification, discrete mass, non-
specific density, spiculated mass, stellate mass and cases with a site that had both stellate
masses and non-specific density), site of cancer (upper inner, upper outer, upper only, retro
areolar, outer half, lower outer, lower only, and lower inner), Royal Australian and New
Zealand College of Radiologist’s (RANZCR) rating, size (<15mm or > 15mm) measured via
biopsy, expert-determined case difficulty (easy, intermediate, and difficult) and availability
priors were all also included.

The RANZCR rating system ranges from 1- 5 (1- ‘Normal’; 2- ‘Benign’; 3- ‘Equivocal’; 4-
‘Suspicious’; 5- ‘Malignant’, respectively) and the rating was provided by two highly
experienced radiologists.

Cases were also rated by an expert who held a very senior position in BreastScreen Australia.
This expert rated the difficulty based on the probability of a radiologist potentially missing the
pathology. The range was defined from 1-3 (‘Easy’, ‘Intermediate’, and ‘Difficult’,
respectively).

The characteristics of the cases used are listed in Table 1, please note that some cases have
multiple cancer lesions which resulted in additional lesion size measurements and case

difficulties.
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Table 1. Cancer case characteristics

Cancer Case characteristic n=120
Breast density

Non-dense 57
Dense 63
Case difficulty

Easy 19
Intermediate 38
Difficult 70
Cancer Type

Architectural Distortion, Stellate 62
Calcification 21
Discrete Mass 15
Nonspecific density 22
Lesion Size

<=15mm 101
>15mm 24
N/A 2

Radiomic features
For the radiomics analysis, the cancer areas were segmented using Matlab, with ground truth
and annotations provided by two highly experienced radiologists. A comprehensive set of
radiomic features were extracted from each segmented area, categorised into four main groups:
1. First-order statistics based on histograms, which describe the distribution of grey level
intensities.
2. Second-order texture features or Haralick texture features, quantifying the spatial
relationships between pixels and overall texture.
3. Higher-order statistics features and features based on image transforms, obtained from
decomposed images using a set of filters, providing additional information about the
interrelationship among pixels.

4. Fractal features.

Specifically, the features include:
e 28 histogram-based statistics,
o 88 features are derived from the grey level co-occurrence matrix (GLCM) (4),
e seven from the grey level run length matrix (GLRLM) (5),
e six from the grey level sharpness measure (GLSM) (6),

e 15 from grey level difference statistics (GLDS) (7),
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e 15 from the neighbourhood grey tone difference matrix (NGTDM) (8)
e eight from the statistical feature matrix (SFM) (9),
e 18 laws texture energy measures (10), and

e two from fractional dimension texture analysis (11).

Additionally, there are 16 transform-based features, including:

e six from Gabor-filtered images

e eight from RFS-filtered images (12, 13)

e two features from the Fourier-transformed images (9).

For a complete list of the radiomic features used in this study, please refer to the
Supplementary Materials.

Statistical analysis
The study includes readings from multiple readers on various cases. When dealing with multi-
reader multi-case datasets, Ridge Regression enables us to leverage all readers’ data without
averaging their performance thereby enhancing the statistical power of the study (14). In this
context, to account for multiple readers and cases, cancer characteristics were classified as
random effects and account for collinearity, Ridge Regression was used to assess how fixed
effects such as breast density, cancer type, and radiomic features affected the reader’s
performance, measured by their ability to correctly identify the lesions. Ridge Regression was
performed using the least absolute shrinkage and selection operator (15) within the R statistical
programming environment (version 4.1.2). The model output could range from 0 to 1, where 0
represented the most difficult lesion, missed by all readers and 1 represented a lesion detected
by all readers. Prior to feeding to the model, all radiomic features were normalised.
Given the inclusion of a large set of radiomic features, Ridge Regression was chosen as it can
effectively handle cases when the study sample size is very small or when the number of
parameters exceeds the number of samples.
Three models were created:

1. The first model incorporated the expert-determined cancer characteristics.

2. The second model featured extracted radiomics characteristics.

3. The third model combined expert-determined cancer characteristics and radiomic

features to investigate potential interactions.
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Results

Model 1: Cancer Characteristics

A total of 479 Australian radiologists participated in this study. The initial model employed all
cancer characteristics to assess their influence on reader accuracy. The variables and their
significance, as determined by the Ridge Regression Model are presented in Table 2. The
results indicate that the size of the cancer has the most significant impact on reader accuracy.

Table 2. Case characteristics and their significance and impact on reader performance

Characteristic Estimate P-Value
Significant Features
Cancer type
Stellate and Non-specific Density -0.018 0.01577
Calcification -0.010 <0.0001
Non-specific Density -0.007 <0.0001
Spiculated Mass + Non-specific density -0.002 <0.0001
Site
Lower 0.005 <0.0001
Difficulty (relative to intermediate)
Easy 0.030 <0.0001
Difficult -0.015 <0.0001
RANZCR
RANZCR 4 -0.003 <0.0001
RANZCR 5 0.003 <0.0001
Other
Size 0.733 <0.0001
Non-Significant Features
Non-specific density and Stellate 0.001 0.07
Discrete Mass 0.020 0.08
Non-specific density and Architectural Distortion -0.019 0.10
Spiculated Mass -0.001 0.75
Stellate Mass 0.011 0.20
Architectural Distortion -0.002 0.22
Breast Density
Non-Dense 0.005 0.66
Dense -0.005 0.25
Site
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Central -0.012 0.30
Upper 0.004 0.43
Side
Right 0.002 0.79
Left -0.002 0.13
Prior
Yes -0.006 0.49
No 0.006 0.97

As shown in Table 2, specific cancer types demonstrated, substantial negative impacts on
reader accuracy. For example, stellate masses with non-specific density (-0.018, p <0.0001)
and non-specific density (-0.007, p <0.0001), were identified as factors associated with
increased diagnostic difficulty. Conversely, larger pathological masses (0.733, p <0.0001)
exhibited a significant positive impact on accuracy, suggesting that their size facilitates more
precise diagnosis. Calcification (-0.010, p <0.0001) was found to significantly hinder accuracy,
underscoring its role as a challenging diagnostic factor. Spiculated masses with non-specific
density (-0.002, p <0.0001) also posed diagnostic challenges.

Regarding the cancer’s relative site, cancers located in the lower region (0.005, p <0.0001) had
a significant positive impact on reader accuracy. However, none of the other mammogram

regions yielded significant results.

In terms of the mammogram’s case difficulty level, as determined by experts, it had a
substantial influence, with easy cases (0.030, p <0.0001) enhancing accuracy and difficult cases
(-0.015, p <0.0001) impeding it. Lastly, RANZCR scores played a significant role, with
RANZCR 4 (-0.003, p <0.0001) negatively affecting accuracy and RANZCR 5 (0.003, p
<0.0001) having a positive effect.

Model 2: Extracted radiomic features.
The second model assessed how the reader’s performance was influenced by radiomic features.
The significant variables are presented in Table 3.

Table 3. Significant textural quantization

Coefficient ] Estimate \ P-Value
Histogram-based features

Mean 0.0427 0.03
25th percentile 0.0427 0.04
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Second order textural Features (Haralick)

Sum average -0.195 <0.0001
Information measure of correlation 1 -0.756 <0.0001
Difference variance 0.414 <0.0001
Contrast 0.731 <0.0001
Maximum probability 0.366 <0.0001
Sum of squares 0.122 <0.0001
Difference entropy 0.117 <0.0001
Sum variance 0.449 0.03

Histogram-Based Features

Among the histogram-based features, the "Mean" intensity value led to a positive coefficient
of 0.0427 (P-value: 0.03), signifying a positive association between higher mean values of the
histogram and improved diagnostic accuracy. Similarly, the "25™ percentile" feature also
showed a positive coefficient of 0.0427 (P-value: 0.04), implying that higher values of the 25th
percentile of the histogram correlated with enhanced diagnostic accuracy.

Haralick Features

In Haralick features, the "Sum Average" feature displayed a negative coefficient of -0.195 (P-
value: <0.0001), indicating an association between higher values of this feature and decreased
diagnostic accuracy. Similarly, the "Information Measure of Correlation 1 (IMC1)" exhibited
a negative coefficient of -0.756 (P-value: <0.0001), suggesting that higher values were
associated with reduced accuracy. Conversely, "Difference Variance" showed a positive
coefficient of 0.414 (P-value: <0.0001), implying that higher values were correlated with

improved diagnostic accuracy.

Additionally, Haralick's "Contrast™" feature demonstrated a negative coefficient of -0.731 (P-
value: <0.0001), suggesting that higher values were negatively associated with diagnostic
accuracy. "Maximum Probability” exhibited a positive coefficient of 0.366 (P-value: <0.0001),
indicating that higher maximum probability values were linked to enhanced accuracy. "Sum of
Squares: Variance™ displayed a positive coefficient of 0.122 (P-value: <0.0001), suggesting
that higher values of this feature were positively associated with better diagnostic accuracy.
"Difference Entropy" had a positive coefficient of 0.117 (P-value: <0.0001), implying that
higher values were linked to improved accuracy. Similarly, "Sum Variance" exhibited a
positive coefficient of 0.449 (P-value: 0.03), indicating that higher values were associated with
better diagnostic accuracy.
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Model 3 Interactions with cancer type.
The third model was used to examine the interactions between significant cancer characteristics
and significant textural quantised features. However, the model’s findings revealed no

significant interactions between cancer characteristics and radiomic features.

Discussion

This study investigated the association between reader performance in cancer detection and
cancer characteristics, as well as local textural features in mammography interpretation. The
findings indicate that a mass, which is characterised as stellate and stellate with non-specific
densities, had the greatest impact on reader performance in mammography interpretation.
However, breast density, lesion size and the relative location of the pathology on the breast did
not significantly affect reader performance. Previous studies have supported these findings,
indicating that stellate and non-specific densities often have a subtle appearance that can mask
signs of malignancy, leading readers to mis-interpret these cases positives (16-18).

Based on a previous study (19), when non-specific densities are present, readers may identify
irregularities, but they often interpret them as benign, leading to fewer recalls. Although
previous research has indicated that readers are better at recognizing certain cancer types, such
as discrete masses and calcifications, compared to stellate masses and NSD, these differences
were not significant in our study (2, 20).

Our study’s findings highlighted the importance of lesion size and location in detecting cancer
as that lesion size and site were found to be significant, which aligns with previous studies as
it was expected that larger lesions are typically easier to detect (13.14). Based on our study,
considering the coefficients of the first model, relying on lesion size to estimate the case
difficulty for the educational test set curation appears to be a reasonable approach and this
parameter is more important than any other factor for estimating the case difficulty.
Additionally, Trieu et al. (2021) found that cancers located in the lower inner, upper outer, or
mixed regions of the breast were more easily detected than in other areas (14). However, there
are currently no known studies examining the relationship between false-positive rates in
lesions locations and whether they contribute to increased detection rates or thresholds, given
that current incorrect points and features marking are not saved in DICOM images. Further

investigation is needed in this area.

The positive association between mean grey level intensity and the case difficulty suggests that
lesions in mammographic images have higher brightness or intensity, making them less subtle
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and more prominent. Consequently, radiologists may find it easier to identify these brighter
lesions, resulting in a positive association between mean intensity and average accuracy.
Similarly, the positive association with the 25th percentile of intensity suggests that the lower
end of intensity values in mammograms is higher, indicating a greater prevalence of brighter

areas in the image. This increased brightness can make lesions more conspicuous.

Among the normalised Haralick feature, the coefficient for the IMC1 exhibited the highest
absolute value. A higher IMCL1 value is typically associated with more structured and uniform
textures in an image. Cancerous lesions often disrupt the ordered breast parenchymal pattern,
resulting in a reduced IMC1 value. Our data suggests that when a lesion exhibits some level of
structured pattern (which resembles non-cancerous breast parenchyma rather than a typical
cancerous areas), correctly categorizing it as a cancerous lesion becomes more challenging.
Therefore, in our study, a higher IMC1 hinders differentiation and raise difficulty. The
normalised Haralick’s contrast also shows strong association. As anticipated, a lower contrast

value makes subtle texture variations harder to discern, increasing the perceived case difficulty.

Two other important texture features are Difference variance and Maximum Probability.
Difference variance measures the local variations in pixel intensity differences within the lesion
area. Higher Difference variance values indicate greater irregularities and fluctuations in pixel
intensity differences. Based on our dataset, when lesions are more difficult to detect, there tends
to be less variation and irregularity in pixel intensity differences, as measured by the Difference
variance. It is reasonable to assume lesions that are challenging to identify may have
characteristics that blend more seamlessly with the surrounding breast tissue. This results in
less pronounced variations in pixel intensity differences, which can make these lesions less

conspicuous and more difficult to distinguish from normal tissue.

Maximum Probability is a texture feature that represents the probability of the most frequently
occurring gray-level pair in the co-occurrence matrix. It tends to be higher when a specific
gray-level pair is dominant in the texture. Our model implies that in more difficult-to-interpret
lesions, the dominance of a specific gray-level pair is less common in the texture. Hence, in
challenging cases where lesions are less distinct, there may be a more diverse range of gray-
level pairs in the texture, and a single pair does not dominate. This diversity can contribute to

the difficulty of lesion detection, as the texture lacks a clear, dominant pattern that stands out.
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The results of this study do not provide evidence that breast density has impacted reader
performance in mammography interpretation. Previous studies on the impact of breast density
on reader performance have produced mixed results. Older studies using film-based
mammography have reported that denser breasts have a negative effect on reader performance
(21, 22). However, more recent studies using more modern digital mammography suggest that
non-dense breasts may have a greater negative impact on reader performance compared to
dense breasts due to the use of post processing tools for image manipulation (23-25).
Nevertheless, in our current study, breast density was found to have no significant effect on
reader performance.

Previous studies on textural quantization have reported mixed findings regarding the
association of breast cancer risk factors with breast density. Some studies have reported it
dependent on breast density (26, 27) while others independent (28) of breast density. Due to
the heterogenous nature of breast tissue, it has been suggested that quantised textural features
of mammaography should be evaluated as an independent risk factor for breast cancer (29). Our
results demonstrated that only certain types of radiomic features had a significant impact on
reader performance.

Our study has clinical implications suggesting that radiologists can consider incorporating
these texture features into their reporting. Highlighting the presence of dominant texture
patterns (higher maximum probability) or complex textures (higher difference variance or sum
of squares variance) in their reports can provide additional context for more targeted follow-up
actions. While there is controversy surrounding the implementation of machine learning as a
predictor of breast cancer in the clinical setting, it could be used as a preliminary categorization
to integrate these texture features to assist radiologists in their work. Al can flag images with
textural features for closer review, potentially reducing the risk of missed diagnoses and
suggesting cases of higher risks to the reader.

The limitations of our study concern the generalizability of our findings to real-world practice
highlighted by the prevalence effect. This occurs when a higher proportion of positive cases
are present in a test data set compared to what would be expected in the clinical setting, which
can lead to the ‘laboratory effect’s (30). However, a previous study has shown a moderate
agreement between clinical and test set reader performance (31). Another potential limitation
is the comparability of our user data. While most readers used the BREAST platform in the
clinical setting, around one-third of interpretations were performed at either conferences or

workshops. Nonetheless, reading conditions at these events were carefully controlled to be as
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close to the clinical setting as possible, minimizing the impact of the reading environment on
the reader.

Regarding the curation of the test sets in BREAST, it is important to acknowledge that the
selection method could have influenced the complexity of the cases. The expert responsible for
selecting the mammaography cases for the test set took into consideration the potential learning
and educational benefits for the learners and readers on the BREAST platform. Consequently,
the test set might inherently present a higher level of 'difficulty’ than what readers might
encounter in a typical screening or diagnostic setting.

In summary, our study utilised a very large dataset to investigate the impact of textural
quantization on reader performance in mammography interpretation. The results suggest that
predicting reader performance based on textural quantification of cancer characteristics is a
feasible method for produce educational materials, quality assurance and training. Also,
textural quantification could be valuable in assisting readers in determining the likelihood of
cancer presence in a mammogram, using machine learning used as a preliminary categorisation
method to suggest cases of higher risk. Future research should focus on implementing machine
learning algorithms that use textural quantification as a predictive tool to assist radiologists in
their interpretation of mammograms. Additionally, exploring the integration of these findings
into radiology practice and education can further enhance the earlier detection of breast cancer

for our patients.
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Chapter Six

Discussion and Conclusion
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6.1 Chapter Introduction

The primary goal of this thesis was to investigate the existing approaches in educational
materials and quality control test sets for mammography interpretation education in Australia.
Its aim was to identify the factors related to readers and images that influence their performance
in mammography interpretation and screening. To accomplish these objectives, the thesis set
out to achieve the following:

1. An overview of the current literature in mammography accreditation and its

determinants

2. Evaluating the current practice in evaluating mammography cases and its difficulty
3. Exploring potential reader and case characteristics impacting reader performance
4. Validating the impact case characteristics has on reader performance

This chapter serves as the discussion section of this thesis, where the key ideas and findings
explored throughout this thesis are presented. The chapter is divided into four main sections

each addressing specific aspects of the study:

Section 1 provides a comprehensive summary of the major findings of the thesis focusing on
the objectives outlined in the previous chapters. This section specifically examines the results
obtained from the original studies conducted in Chapter 4, Chapter 5, and Chapter 6.

specifically in the three original studies from chapter 4,5,6.

Section 2 delves into the clinical implications and impact of the findings on the development
of education in mammaography. It explores how he results of the thesis can be applied in
practical settings to enhance diagnostic efficacy and improve patient outcomes.

Section 3 critically evaluates the limitations of the work conducted in the thesis. It
acknowledges any potential constraints that may have influenced the results and

interpretations.

Section 4 concludes the discussion by exploring the future directions and implications of the

findings. It identifies potential areas for further research and development, considering the gaps
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and opportunities for improvement uncovered by this thesis. This section provides insights into

how the findings can be expanded upon and applied in future investigations.

6.2 Section 1: Summary and Major findings of the thesis

6.2.1 Mammography case difficulty determined by experts

The initial study aimed to investigate and scrutinize the current practices of using experts to
determine case difficulty in mammography. The study examined whether the expert’s difficulty
rating matches the actual performance of readers for each case, as well as the image
characteristics used by the experts used to determine case difficulty. Additionally, the study
aimed to determine the minimum number of radiologists needed to obtain an objective
assessment of case difficulty through simulation, the simulation was created by randomly
selecting a reader and the case difficulty is calculated based on the assessment of these selected
readers. This process was repeated a thousand times to estimate the minimum number of
radiologists needed. However, the data did not support the hypothesis that expert radiologists'

difficulty ratings would correspond to reader performance.

The findings of the study indicated that experts mainly based their retrospective grading of
mammography case difficulty on increased breast density and the presence of abnormalities.
The original linear mixed modelling used to identify difficult determining characteristics can
be found in Chapter 4. However, these characteristics did not serve as predictors of reader
performance difficulty. Furthermore, the findings also revealed no significant association
between expert-determined case difficulty and objective case difficulty, which was measured
as the percentage of incorrect reports for a case. In contrast to expert opinions, readers

performed slightly better in cancer-positive cases compared to normal cases.

Additionally, our results demonstrated that expert-determined difficulty did not accurately
correspond to reader performance, as the performance levels of readers remained similar

regardless of the difficulty level.

In summary, the initial study’s findings revealed that expert radiologists' assessments of
mammaography case difficulty based on breast density and abnormality did not align with reader
performance. The simulation-based approach provided insights into the number of readers

needed to determine case difficulty objectively. The results emphasise the importance of
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examining reader performance and using it as an indicator in the development of test sets where

available.

A key discovery in the initial study was that the current practice of using experts to
retrospectively determine a case’s difficulty may not necessarily be reflective of the case’s
actual difficulty level as indicated from our results. The simulation provided can estimate the
number of readers needed to evaluate case difficulty. Based on these findings, the next step of
the study was to further explore and identify the characteristics that would have the most impact

on performance to enhance the construction of test sets and develop their educational value.

6.2.2 Characteristics influencing diagnostic accuracy in mammography

The next stage of the thesis aimed to examine the influence of reader-based and image-based
characteristics on reader performance in screening mammography. In contract to the initial
study, the results of this stage indicated that expert-determined difficulty and the number of
cases interpreted weekly were consistently significant factors for image-based and reader-
based characteristics, respectively. These findings were largely expected based on anecdotal
evidence and previous studies, where mammogram interpretation volume of over 1000 perform
better than those reading less than 1000 per year, with varying levels of performance
improvement among the previous studies(1-7). However, this study provided additional
evidence to reinforce these conclusions. Furthermore, by utilizing a large sample size for both
readers and cases, the researchers established a trend between reader and image characteristics

and their impact on reader performance.

While breast density was not found to be a significant factor impacting reader performance,
interesting observations were made regarding the readers' performance in dense and non-dense
breasts for different types of cases. For normal cases, readers performed better with dense
breasts compared to non-dense breasts. Conversely, for cancer cases, readers performed better
in non-dense breasts compared to dense breasts. This suggests that breast density, combined
with the presence of abnormalities, may have an influence on readers' abilities to interpret

mammography images.

Regarding lesion characteristics, although the results were not significant, there were observed
trends. Cases primarily classified as stellate and discrete masses were more likely to be

correctly detected by readers compared to cases with calcifications and non-specific densities.
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Interestingly, cases classified primarily as non-specific densities tended to result in inferior

reader performance compared to other lesion types.

In summary, while breast density did not significantly affect reader performance, observations
emerged regarding the interaction between breast density and malignancy, suggesting that the
masking effect may still play a role in mammography interpretation, particularly for malignant
cases. Although not found to be statistically significant, trends indicated that certain lesion
characteristics influenced reader performance, with stellate and discrete masses being more

easily detected compared to calcifications and non-specific densities.

With the primary reader characteristic — number of cases interpreted weekly established as the
characteristic that influences the reader performance the most, further insights are required to
investigate the case characteristics that influence reader performance. Therefore, the next step
was to investigate how cases would affect reader performance at a parenchymal level via

radiomics.
6.2.3 Radiomics and image texture’s influence on reader performance

Among the various image characteristics analysed, stellate masses and stellate masses with
non-specific densities had the most significant impact on reader performance. However, breast
density, lesion size, and relative location of the pathology did not significantly affect reader
performance. A comparison between quantised features with cancer type and non-quantised
textural features revealed slight differences. While it was expected that Haralick's quantization
method would be better at detecting calcifications than stellate masses, the unexpected finding
was that our readers performed better at detecting stellate masses with non-specific densities
than detecting spiculated masses alone. Other methods, such as Compact GLDM and Statistical
Feature Matrix, were more consistent with previous findings, where reader demonstrated better

detection rates for spiculated masses compared to stellate masses with non-specific densities

(8).

The presence of non-specific densities can lead readers to interpret irregularities as benign,
resulting in fewer recalls. In contrast, discrete masses and calcifications did not show
significant differences, compared to stellate masses and non-specific densities in this study.

Regarding breast density, the results did not provide evidence that breast density the results did
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not provide evidence of its significant effect on reader performance. Similarly, lesion size and

location were not found to be significant factors, contrary to previous research (9, 10).

Regarding textural quantization, the heterogenous nature of breast tissue suggests that
quantised textural features should be investigated as an independent risk factor for breast
cancer. The results of this study indicated that only Haralick’s quantization methods had a
significant impact on reader performance, as it is commonly adopted for characterizing tissue

properties to detect heterogeneity (11).

Overall, this study provided insights into the relationship between reader performance, cancer
characteristics, and local textural features in mammography interpretation. The results
emphasise the impact of stellate and non-specific densities on reader performance and highlight
the need for further investigation into the role of quantization methods and textural analysis in

breast cancer risk assessment.

6.3 Comparison with Previous Research

In Chapter 3, our first original study aimed to evaluate the current practice in evaluating
mammography cases and its difficulty. Our study has established that expert primarily used
breast density as an indicator to case difficulty, specifically increasing difficulty with
increasing breast density. Previous research has inconsistent results regarding the relationship
between case difficulty and breast density. Earlier studies focusing on film-based
mammography indicated that as breast density increased, the diagnostic effectiveness of
mammograms decreased (12, 13). Our findings indicate that the experts associate increasing
breast density with increased case difficulty. This observation is consistent with the findings of
Ang et al., who also noted the impact of mammographic breast density on determining case
difficulty in normal cases (14). However, when considering actual reader performance, breast
density did not seem to have a significant influence. As discussed in Chapter 4’s introduction,
this discrepancy may be attributed following the limitation of following BREAST’s standard
of using one test set’s findings, as the study followed the standard practice of analysing the

results of one test set.

For the findings in the second of the original research, Chapter 4 aimed to explore the potential
reader and case characteristics impacting reader performance. The findings of the study were

similar to previous studies, as they have consistently demonstrated that readers who interpret

100



more than 1000 mammograms annually tend to outperform those who interpret fewer than 1000
per year. The extent of performance improvement has varied across different studies(1-7). Our
findings regarding reading volume closely align with Kan et al.’s study, they found that the
improvement in reader performance was proportional to the number of mammograms
interpreted, up to a certain threshold. However, beyond the threshold of 2,500 annual screening
mammograms interpreted, the improvement in reader performance became negligible and
statistically insignificant (2). This suggests that increasing the interpretation volume can
enhance reader performance, but there is a limit beyond which additional mammograms read

do not significantly contribute to improved performance.

In terms of expert determined difficulty, two studies found that reader performance in
mammography interpretation and expert-determined difficulty were associated. Specifically,
as expert-predetermined difficulty increases, the reader’s false negative errors increase as well,
but false positive errors were not associated (15, 16). In contrast in our finding’s expert-
determined difficulty impacted in the reader’s false positive errors in the normal images and

mixed model, but not exclusively in the cancer model for false negative errors.

For the final goal of this thesis, the impact case characteristics has on reader performance was
evaluated, compared to previous studies have suggested that readers demonstrate better
recognition of certain cancer types, such as discrete masses and calcifications, compared to
stellate masses and NSD(9, 10). However, in the current study, these differences in recognition
were not statistically significant. Contrary to previous studies emphasizing the significance of
lesion size and location in cancer detection, our study did not find evidence supporting the
importance of these factors. Specifically, our findings did not indicate a significant relationship
between lesion size and cancer detection, which contrasts with the expectation that larger

lesions are generally easier to detect based on previous research (9, 10).

Previous studies examining textural quantization has inconsistent findings regarding the
association between breast cancer risk factors and breast density. Some studies have reported
risk factors associated to breast density (17, 18), while others have suggested independent risk
factors from breast density (19). Given the heterogeneous nature of breast tissue, it has been
proposed that quantised textural features in mammaography should be assessed as independent
risk factors for breast cancer (20) Our study demonstrated that Haralick’s quantization methods

had a primary impact on reader performance. This finding suggests that while quantization
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methods can be employed by machine learning algorithms to evaluate breast cancer risk factors,
further investigation is needed to understand the correlation between textural analysis and

human readers.

A consistent finding across the project was that breast density’s impact had no significant
impact on reader’s performance in mammography interpretation regardless of dense or non-
dense breast. Previous research also yielded mixed findings, as older studies found that using
film-based mammography have reported that denser breasts have a negative effect on reader
performance due to the masking effect (12, 13). However, more recent studies using more
modern digital mammography suggest that non-dense breasts may have a greater negative
impact on reader performance compared to dense breasts due to the use of post processing tools

for image manipulation (21, 22).

6.4 Clinical Implications of the findings of this thesis

The findings of this thesis have several clinical implications. The development of test sets for
educational and quality control purposes should incorporate objective reader performance
rather than relying solely on expert opinion to determine case difficulty. Ideally, around 10
readers can provide a comprehensive assessment of case difficulty, serving as a guideline for

future test set development.

Furthermore, there is a need to enhance readers' ability to confidently recognize normal cases
in mammograms. The first study revealed that readers performed better in identifying
abnormalities compared to identifying normal cases. Improving the recognition of normal cases

can contribute to more accurate interpretations, reduce false positives, and unnecessary recalls.

The annual reading volume needed to maintain certification in mammaography interpretation
are valuable in evaluating a reader's ability. However, there is a variability in reading volume
requirements across different countries. Standardizing the reading volume requirements would

provide a more consistent approach to assessing reader competence (23).

Screening for non-specific densities and architectural distortions, which are subtle findings in
mammography, should be emphasised. Digital breast tomosynthesis has shown promise in
detecting these abnormalities with lower interobserver variability and higher specificity

compared to mammography. Until it is widely implemented, alternative methods such as
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computer-aided detection and radiomics can be explored to improve the diagnosis of non-

specific densities.

Regarding textural quantization, it may not currently reliably predict a reader's performance
based on cancer characteristics in mammograms. However, it can be used as a supplementary
tool to assist readers in assessing the likelihood of cancer presence in a case. Machine learning
approaches, while controversial in their implementation for breast cancer prediction, can serve
as preliminary categorization method to suggest higher-risk cases to the reader. However, it is
important to remember that technological improvement is not a substitute for improving
training and education as these improvements do not help in resolving errors associated with

false positive and false negative diagnostics (9, 10).

The clinical implications of this study highlight the importance of incorporating objective
reader performance in test set development, improving recognition of normal cases,
standardizing reading volume requirements, screening for non-specific densities and
architectural distortions, and utilizing textural quantization and machine learning as
supplementary tools in mammography interpretation. These findings can contribute to

enhancing reader performance and improving the accuracy of breast cancer detection.

6.5 Limitations of the thesis

6.5.1 Prevalence effect

The primary limitation of this thesis is that it primarily uses retrospective data from an
education and training platform, which introduces a potential prevalence effect as a significant
factor in the reader’s performance. The prevalence effect arises due to the higher proportion of
positive cases in test sets compared to what is typically encountered in the clinical setting. In
the case of the BREAST test set used in this study, it consisted of a total of 60 cases per test
set, with 40 normal cases and 20 cancer cases. This may have influenced our results and created
a laboratory effect, as readers tended to perform better in cancer-positive cases compared to
normal cases. However, previous research has shown moderate agreement between clinical

performance and test set interpretation, providing some reassurance (24).
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6.5.2 Single expert used to determine case difficulty

Furthermore, the first study's reliance on a single expert to determine the test set difficulty
represents another potential limitation. However, it is important to note that this was not a flaw
in the study’s design but rather the current practice used in the BREAST platform. Our findings
highlight the need for future studies to explore the effects of involving multiple expert readers
in grading the difficulty of test sets. Additionally, our simulation results indicate that involving
readers in curating the test sets to determine the difficulty of each image set could be valuable

in developing future test sets.

In summary, potential limitations include the prevalence effect, comparability of user data from
different settings, the reliance on a single expert for determining test set difficulty, and the

discrepancy between the number of readers and experts involved.

6.6 Recommendations for future work

The findings and investigations presented in this thesis have primarily been based on
BREAST’s efforts to develop a training platform aimed at improving the diagnostic efficacy
of BreastScreen’s readers in screening mammography. The thesis has investigated several key

areas:

1. Examining the characteristics experts use to determine the retrospective case difficulty
in the mammography cases in the BREAST platform and assessing whether the
platform’s reader’s performance accurately reflects this difficulty level.

2. Evaluating which reader and case characteristics would most significantly impact the
reader’s ability to interpret mammography accurately.

3. Investigating the impact did various quantitative textures of cancer lesions on reader

performance in identifying lesions in mammograms.

6.6.1 Potential directions for future research

These areas of study have provided valuable insights, and for future research in this field,
further exploration and expansion is recommended upon these topics to continue enhancing the
field on mammography interpretation. findings from the results of the thesis have highlighted
several potential directions that future research derived from this thesis to address the
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limitations mentioned in the previous section and further advance the field. The potential

directions future research include:

1. Test set development: Future studies should explore alternative methods for
determining the difficulty of test sets, such as involving multiple expert readers to define a
case’s difficulty and incorporating previous reader performance data to update the ratings of
existing test sets more accurately. Additionally, the findings in Chapter 5 have identified the
potential textures and patterns that readers tend to perform better against. These findings can
be incorporated to the development of more comprehensive and representative test sets for

education, training, and quality assurance purposes.

2. Investigating the association between expert-determined difficulty and reader
accuracy: While this thesis has established an association between expert-determined
difficulty and reader accuracy, the underlying reason remains to be confirmed. Experts
primarily used breast density as a determining factor for the case’s difficulty, but our findings
suggest that although the reader’s performance in each case reflects the expert-determined
difficulty, breast density was not an associated factor. Further investigation into the relationship
between the case difficulty and reader performance is needed to understand the underlying
reasons. Discovering this association can lead to the curation of training sets of varying

difficulty for improved training and quality assurance for mammography readers.

3. Normal case recognition: Further research should focus on enhancing readers’ ability
to confidently recognize normal cases in mammography. This can contribute to reducing false

positives and unnecessary recalls, improving the accuracy of mammography interpretations.

4. Standardization of Reading Volume Requirements; Efforts should be made to
attempt the standardization of the reading volume requirements for maintaining certification in
mammography interpretation across different countries where circumstances allow for the
maintenance of services. This approach can help to ensure a more consistent approach to

evaluate reader competence and maintain a high level of quality in mammography screening.

5. Refinement of Textural Quantization and Machine Learning: Continued
exploration and refinement of textural quantization methods and machine learning approaches
are critical. This includes evaluating their effectiveness in predicting reader performance based

on cancer characteristics and utilizing them as supplementary tools in mammography
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interpretation. Ethical considerations surrounding the implications of machine learning for

breast cancer diagnosis and prediction should also be carefully addressed.

6. Application of textural quantization in digital breast screening: Currently, BreastScreen
Australia uses full-field digital mammography as the gold standard for the screening program
for the early detection of breast cancer. The application of radiomics and other textural
quantization methods can be employed to this imaging modality to investigate how readers
perform in this modality and whether specific parenchyma would impact reader performance

in this modality.

7. Texture Features and Histopathological Correlation: The final study in this thesis
primarily focused on evaluating the local effects of lesion textures on reader performance.
However, this can be expanded to explore how normal anatomical structures of the breast
potentially impact reader performance. For example, the thesis found that readers better
identified lesions that are in the lower regions of the breast. Further investigation into how the
textural characteristics of normal breast tissue would affect reader performance and whether

the normal anatomical structure interacts with the cancer lesion’s structure would be valuable.

6.6 Conclusion

This project has undertaken a comprehensive review of the current literature on screening
mammography requirements and the development of artificial intelligence in mammography
interpretation. Throughout this research, it has identified existing issues in mammography
interpretation standards and requirements, as well as crucial knowledge gaps in the
development of mammaography test sets. Through these investigations, valuable insights have
been gained into the factors influencing expert-determined difficulty and reader performance

in mammography.

One of the key recommendations arising from this study is the need where available to
incorporate of objective reader performance metrics in the development of test sets designed
for educational and quality control purposes. By considering reader performance as a
fundamental factor in test set design, these test sets can be better tailored to assess and monitor

reader performance more effectively.

Furthermore, future research in this field should place a strong emphasis on refining textural

quantization methods and exploring the vast potential of machine learning approaches. These
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technological advancements hold the promise of significantly improving the accuracy of
mammography interpretation and enhance the overall performance of readers. Embracing these
innovations is essential to meeting the ever-increasing demands for precision in breast cancer

detection.

The findings of this thesis have not only shed light on the current state of mammography
interpretation but have also paved the way for promising future directions in this vital area of
healthcare. These directions encompass the development of more sophisticated test sets and the
ongoing refinement of textural quantization, radiomics and machine leaning techniques. By
addressing these critical areas of study, we can assist radiologists to further enhance their
performance and ultimately advance the outcomes for our patients participating in
mammography screening programs. This thesis serves as a steppingstone recommending
continued exploration and innovation in this field to help bring about transformative

improvements in breast cancer detection and patient care.
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1. PFROJECT TITLE

Identifying case characteristics impacting expert opinion and reader performance

2. INVESTHGATORS" DETAILS

Chief Investigator's Name (full | Waren Reed

name and title)
Institution Uniwersity of Sydney

Applicant’s Mame [full name and Dennis fay Wong

title]

|mistitution Uniwersity of Sydney

Postal Address Susan Wakil Health Building, The University of Sydney

City/Subark Camperdown state NEW Postcode 2000
2 Maohile 0481755708

Emiail Dwoni592 6@ uni_sydney_eduau

3. PFROJECT INFORMATION

3.1 Summary of project in lay language [maximum 200 words)

To goal of this project is to identify the feotures on o mommogram experts use to determine cose difficulty ond compare it to
reader performance.

3.2 Please provide a brief research/project plan (moximum length 3 poges)

3.2.1 Aimis)
To

1. To identify anatomical features/landmarks or regions of interest experts use to determine difficulty of a mammography case.
2. To identify regions readers marked on false positive cases.
3. Comparing the results from [1) and (2] to identify potential agreements and disparities between experts and readers.
4. Based on the previous aims, identify features on a mammogram that determines @se difficulty

3.2.2 Project methodology
Reader's heatmap/hotspot
First, to identify the which regions readers marked in both true positive and false positive iImages, the co-ordinates the readers
marked will be compiled together to generate a heatmap to identify the common,/unique regions readers mark on the test set
item. This can be used to identify which areas were commonly marked as false positiees in negative images to identify which
anatomical region(s] of the mammogram was difficulty for the readers AND/OR identify regions the lesions are in that readers
frequently marked correctly as making cases easy.

Expeart opinion
Using the meta data such as breast density and lesion characteristics such as size of lesion, site of lesion, and lesion type; to
perform a statistical analysis to identify which of these aspects’ experts factor in to determine @se difficulty.

To identify the disparity between experts and readers, the reader heatmap will compared against the expert factors to see if
they agree or disagree in what define difficulty in each case
item.
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3.2.3 Number of readers from whom data are requested gnd/or number and type of cases requested and/or equipment
for which access is requested.

&ll cases from all Australian test sets
Readers who work in Australia
rReaders defined as radiologists and traineesregistrars

3.3 Planned start and end | Start date:07,/6/2021 End date: 31/8/2021
date of the project

3.4 Please [ist all other Name (full name and Department Institution
researchers collaborating title]
on this project, including 1. Dennis loy Wong Medical radiotion Sciences University of Sydney
their name, title
. ! ' 2. zZibo Gondomkar | Ageing Work and Health University of Sydney
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institution
.
4.
5.
. ETHICS
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{HREC) approval to conduct | If Mo, we advise you o seek ethical approval. Access to any resource will not be
this research project? facilitated until proof of ethical approval is submitted to us.

If Mot applicable, please specify why.

3. RES0OURCES REQUIRED

5.1 What BREAST resources do you Please tick all that apply:
require for your project?
[specific details should be A, READER DATA
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Application for Low Risk Access Resources held by BREAST

Version 9 | Feb 2021

= HREADER TYPE
»  Geperal rodiologist |:|

& BreastScreen radiologist [_]
»  Registrar / Fellow [
s Other render [ Please specify:

*  QUESTIONMAIRE DATA D
# SCORES FROM TEST SET D

= RAW DATA FROM TEST SET |:|

=  ADDITIONAL INFORMATION FROM PARTICIPANTS I:l *
*[Eg. if you need to contact particdipants to complete an additional
survey or for clarification. if ves to ‘additional information’ required,
please provide details at 6.2 ]

B. IMAGES
= IMAGES IMN EXISTING TEST SET{S] I:l
& Name(s) of test setfs):
Conberra, Dorwin, Gold Coeast, Leura, Melbourne, Northern
Territories, Queenstown, Sydney, Western Australio
*  File type [DICOM, jpeg): Both DICOM and JPEG
= [IMAGES NOT IN ANY EXISTING TEST SET D
»  Number of images:
*  Caose details:
*  File type [DICOM, jpeg):
»  Spedfic criteria:
C. SOFTWARE AND OMLINE TEST SETS |_|
*  Name(s) of test setfs):
0. MAMMOGRPAHY PACS WORKSTATIONS [
. mumber of workstations:
. Durtes and times reguired:
5.2 Any additional questionnaires or Mane.

surveys intended for distribution
to participants by BREAST MUST
be supplied for review by the
Management team

&, PROJECT OUTPUTS

Please list all the proposed project outputs or research cutputs.
Journal publication, conference proceeding.
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Application for Low Risk Access Resources held by BREAST Version 9 | Feb 2021

7. CERTIFICATION BY APPLICANT [STUDENT / RESEARCHER)

In signing this page, you certify that,
- all details given in this application are corract, and

- You agree to carry out the project according to the terms and conditions as described by the BREAST Access Policy
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Subject: RE: BaMC application of BREAST data
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Dear Dennis,

We are delighted to let you know that your application for extra data has been approved. Please
find in the attachment for the download links of Dicom and lpeg images (the links will be expired
on 30-Jun-21). The folder |Ds are also included in the file for your convenience to find out the
name of folders containing the images that you look for.

Good lucks to your study.

Kind regards,
Yun

From: Phuong Trieu

Sent: Tuesday, June B 2021 3:08 AM

To: Dennis Jay Wong <dwon&926@uni.sydney.edu_au>=

Cc: BreastScreen Reader Assessment Strategy <breastaustralia @ sydney_edu.au=
Subject: RE: BAMC application of BREAST data

Hello Dennis,
Thank you. We will process your application and let you know soon.

Kind regards,
Yun

From: Dennis Jay Wong <dwon&928 ®uni sydney. edu au=

Sent: Tuesday, June B, 2021 11:43 AM

To: Phuong Trieu <phuong trisu@ sydney edu.su>

Cc: BreastScreen Reader Assessment Strategy <breastaustralis@sydney.edu.au>
Subject: RE: BAMC application of BREAST data

Hello Yun,

Yes, | would like to use the DICOM/IPEG from the test sets of the first application e.g. Western
Australia, Leura stc.

Kind regards,

Dennis

From: Phuong Trieu <phuong trieud@ sydney edu gu=
Sent: Tuesday, B June 2021 9:45 AM
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* Topic
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* Results
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* Assessing the diagnostic difficulty of mammographic cases rated by the expert

versus reality
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RANZCR 20

Purpose MELBOURNE 2 1

il Scentlic Meeting - 16 - 10 Sept 2021

To investigate the relationship between the subjective measure of case difficulty based
on expert’s prospective ratings and the objective difficulty based on retrospective actual
reader performance

RANZCR 20:
Me'thOdOIOgy MELBOURNEEl

Arviad Scientfic Meeting - 1619 Sept 2021

¢ Atest set from BreastScreen Reader Assessment Strategy (BREAST) was used

* The case difficulty was determined prospectively by two expert radiologists, the range
is defined from 1-3 (easy, intermediate, and difficult, respectively)

* The reader performance of 184 radiologists was used to measure each case’s
objective difficulty compared to the subjective difficulty determined by two expert
radiologists

* For the statistical analysis, the Kruskal -Wallis H test was used to determine the
significance between the groups of independent variables

* Furthermore, linear modelling with interaction has been applied to relate the objective
case difficulty with density, subjective case difficulty and case type
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Vi Scentfic Meeting » 1619 Sept 2021

* For the Kruskal Wallis test, the significance of the reader’s accuracy level between
the difficulty variables (easy, intermediate, and difficult) and the case’s breast density
showed a lack of significance

* Comparing the reader performance between normal and abnormal cases, suggested
that reader’s overall accuracy level for abnormal cases was higher than normal cases,
indicating that readers have better specificity than sensitivity

* Linear modelling suggests that the only significant p -value interactive factor related to
objective case difficulty was when readers comparing normal to abnormal cases

* The results indicate that when experts assigned difficulty labels to a case, there was a
drop of 32.85% in performance only seen in the normal group. (p-value — 0.047).

Conclusion RANZCR 5O

Arviad Scentfic Meeting » 1619 Sept 2021

* The subjective expert ratings of case difficulty was not predictive of actual reader
performance which highlights the importance of collecting reader performance data as
an objective measure of actual case difficulty for educational and research purposes.
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Appendix E. RANZCR 2022 Presentation
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Evaluating the impact of readbased
and imagebased characteristics on
diagnostic efficacy in mammography
interpretation using multivariate mixed
analysis

Dennis Wong, Grad Cert (CE), MDIBMSc
Ziba Gandomkar, PhD, MSc, BSc

Warren Reed PhD, Grad Cert (T&L), BSc
Discipline of Medical Imaging
Science, Sydney School of
Health Sciences, Faculty of
Medicine and Health, The
University of Sydney

. ~RANZCR
Introduction R e

* Annual reading volumes are the most common reader
based characteristic (13)

* Reading volume alone is insufficient as a sole measure to
evaluate reader performance (4)

* Previous studies have reported mixed findings regarding
the relationship between annual reading volume and reader
performance (5-6)
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Purpose of this stu

» Using a multicase multireader analysis framew ork can further
increase the power of these studies.

» This multivariate analysis used several reader factors including
image-based characteristics to further interrogate the underlying
primary determinants of reader performance

* The aim of this study waso conduct a multivariate investigation of
reader-based and image-based characteristics in reader
performance in mammography interpretation.

~RANZCR
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- 0w T2
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)“ Intelerad

Methodology — Test

Atotal of six test sets with a total of 60 mammograp
cases each from BREAST
Imageswere capture usin@E machines and were
from NSW BreastScreen
Each test sets consisted of20 canpesitive cases
and 40 normal cases.
Breast density was then grouped together classified
either “Dense” or “natense” breasts.
For abnormal cases, the pathology characteristics
were included and consisted of

* lesion side

¢ lesion type

¢ lesion length
Both normal and abnormal cases had a difficulty rating
determined by an expert
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The reader could mark lesions anyw here on the image
A score classification between 35'was used to determine
increasing confidence
Only the reader’s first attempt at the test set was used.
Readers were not aware of the prevalence and types of
cancers included in the test sets.
. ~RANZCR
Methodology— Statist ADEL . IDE s

Tiod ded St Moy
-2 00w 1

For the statisticalanalysis, Linear mixed modelling was selected to evaluate how the fixed
effects such as a reader characteristicaffects the reader’ sperformance

To account for multiple readersand cases, these two factors were classified as random
effectsin the linear mixed model.

The modelling was done in the R statistical programming environment (version4.1.2) and
used the Ime4 and ImerTest packages.

The linear mixed models were divided from into three categories (1. case-based
characteristics,2. readerbased characteristics,and 3. mixed-characteristics)and explores
normal and cancer cases separately.
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Results— LMM Case-based characteris

e For both normal and cancer cases,
reader performance decreases as
expert-determined difficulty increases (P
<0.05).

» Readers showed better performance in
non-dense cases, compared to the
dense cases

 Lesions classified as stellate and
discrete mass demonstrated that
readers were more likely to mark these
cases correctly.

Results—- LMM Readerbased charac ADEL Dt &
” ez At M Inteterad

ol Aust
Tind e St Mooty et Naw Zoaland

* The most significant reader characteristic is the number
cases interpreted per week, excluding 15200 per week.

* Mean estimate decreases with increasing number of
mammograms interpreted per week.

» Conversely, for the cancer case’s linear mixed model, the
number of mammograms interpreted per week showed a
similar trend

* However, the significance was not consistent.
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Calbeg r

* The third model combined the characteristics found in
the previous models

* For reader-based characteristics, mammograms
interpreted per week remains significant

* For case-based characteristicscase difficulty
determined by experts remains significant

* These findings were similar in both normal and cancer
cases

~RANZCR
ADEL/‘ lDE & X PRESENTING PARTNER
2022 - The oy ustratan ) Intelerad

T el S ey et Naw Zaland
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Our results show that expespredetermined difficulty and the number of cases interpreted weekly were the
consistently significant factors.

The purpose of using a linear mixed model was to find the relationship between multiple variables with
coefficients.

This novel methods provides more power and the ability to observer smaller effects

Previous studies have found that readers with an annual mammogram interpretation volume of over 1000
perform better than those reading less than 1000 per yea8j7

Notably, our findings on reading volume correlate closely with Kan’s study (9):
— Cancer detection rate improves proportionally with the number of mammograms interpreted,
— Up toa certain upper threshold

This suggests an upper limit to which readers do not significantly improve in performance
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Discussion— Clinical Imp

Our findings reinforce that using annual reading volumes required to

maintain certification in mammography interpretation is a valuable method to
evaluate a reader’s ability.

However, one problem with the current implementation of the
mammography’s guidelines (10,11)

Another clinical implication to consider is screening for nespecific

densities and architectural distortions (12).

Compared to calcifications and discrete masses, nespecific densities are
often more difficult to diagnose because of their variability in appearance (13).

= iRANZCR L /o
Conclusion ADEL . IDE & /.
Y e [ W ioiclerad

Our findings show that expertietermined difficulty and cases interpreted
weekly were consistently significant factors impacting reader performance
For case characteristics, increasing the case difficulty determined by experts
reduces the reader’s performance

For reader characteristics, increasing the number of cases interpreted
weekly improves the reader performance up to a certain threshold.

Our results show that linear mixed modelling provides extra insights into the
impact of reader and image-based factors on reader performance in
mammography interpretation.
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Appendix Reader characteristic tn’%“:.zs'é ' —
By W Intelerad

Reader characteristic n=479
Mean age (yearsold) 46.22
Gender
Female 191
Male 239
Non-specified 49
Mean number of yearsin specialisation 4.0489|
Reader Specialisation
Breast 301
Breast | Lung | Other 2
Breast | Other 14
Lung 1
Other 149
Not available 12

Number of mammograms interpreted weekly

0-20 301

21-60 56

61-100 46

101-150 29

151-200 21

over 200 26

Fellowship trained in breast 94
Working in a breast screen program 120
Readers using digital images for interpretation 418
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Appendix— Case Characteristic

RANZCR
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17~ 0w 1 Callege of Rachologisty”

Cancer Case
characteristic n=120

Breast density
Normal Case n=24 Non-dense 57
characteristic 0 Der_lse 63

Breast density Case difficulty
Non-dense 124 Easy 19
Dense 116 Intermedlate 38
Case difficulty Difficult 70

Easy 17 _Cancer Type
Intermediate 109 Architectural Distortion,
Difficult 14 Stellate 62
Calcification 21
Discrete Mass 15
Nonspecific density 22
Lesion Size

<=15mm 101
>15mm 24
N/A 2

PRESENTING PARTNER
®
The Aoy Austalan W Intelerad
et N Zualand Licale
College of Rackologisty”

T Normel T Concers
B Number of data Combined | Number of Combined
Characteristic | points | Model 1&2 Model (3) | data points Model 1&2 Model (3)
Difficulty
Difficult (Intercept) | 14] 0.634°[ 1.5797"] 67 0.692°]  -1.0047
Easy | "7 01747 0.17512] 18] 0.169" 0.522"]
Intermediate. | 109 0.119"] 0.26644"[ 35 0.0298 0.0404*
Breast densil
Dense | 6] -0.016| | 57 0.00393 -]
° Non-dense. | 124] -0.049)] -] 63 0.0401 ]
8 Lesion Characteristics
o Calcification ] -] -] 21 -0.0213
Discrete Mass - - - 15 0.0553
Nonspecific density - - - 22| -0.0501
Architectural distortion,
spiculated mass and - - - 62| 0.0242
stellate
Lesion size -] - - 120 -0.00169
Reader Specialty
Breast (Intercep 0.7454*
Non-Breast -0.05675
Breast Screen Reader
No I 359 -0.04837 I 369]  0.038867 E
Yes | 120 ] -0.06038] 1 120 -0.03585 |
Breast fellowship
No | 384 | 0.27387 I 384 | 0.041077]
5 Yes [ 94 0.017557 | | 94| 00527
3 Number interpreted per week’
« 0-20 301 0.09835*[  -0.08832" 301 00229|  0.15205*
21-60 56 -0.19212*|  -0.20419* 56 0.0678* 0.21397*
61-100 46 -0.24791*|  -0.26502* 46 0.0482 0.26168*
101-150 29 -0.32152*|  -0.34073* 29 0.0674 0.2916*
151-200 21 -0.0848 -0.09766 21 0.111* 0.39452%
>200 26 -0.46454* | -0.45984" 26 0.0480|  0.23064**
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for your attention!
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Appendix F. MIPS 2022 Presentation

Evaluating the impact of reader -based
and image-based characteristics on
diagnostic efficacy in mammography
interpretation using multivariate mixed
analysis

Dennis Wong, Grad Cert (CE), MDR,BMSc
Ziba Gandomkar, PhD, MSc, BSc
Warren Reed PhD, Grad Cert (T&L), BSc

Discipline of Medical Imaging Science, Sydney
School of Health Sciences, Faculty of Medicine
and Health, The University of Sydney

SYDNEY

Introduction

— Annual reading volumes are the most common reader -based characteristic (1-3)

— Reading volume alone is insufficient as a sole measure to evaluate reader
performance (4)

— Previous studies have reported mixed findings regarding the relationship between
annual reading volume and reader performance(5 -6)

The University of Sycney
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Purpose of this study

— Using a multi -case multi-reader analysis framework can further increase the power of
these studies.

— This multivariate analysis used several reader factors including imagebased
characteristics to further interrogate the underlying primary determinants of reader
performance

— The aim of this study was to conduct a multivariate investigation of reader -based and
image-based characteristics in reader performance in mammography interpretation.

The University of Sycney Page 3

Methodology — Test sets

— A total of six test sets with a total of 60 mammography
cases each from BREAST

— Images were capture using GE machines and were from
NSW BreastScreen

— Each test sets consisted of 20 cancer-positive cases and
40 normal cases.

— Breast density was then grouped together classified as
either “Dense” or “non-dense” breasts.

— For abnormal cases, the pathology characteristics were
included and consisted of:

— lesion side
— lesion type
— lesion length

— Both normal and abnormal cases had a difficulty rating
determined by an expert

The University of Sycney Page 4
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Methodology — Reader data

The reader could mark lesions anywhere on the image
A score classification between3-5 was used to determine increasing confidence
Only the reader’s first attempt at the test set was used.

Readers were not aware of the prevalence and types of cancers included in the test
sets.

The University of Sycney Page 5

Methodology - Statistical analysis

— For the statistical analysis, Linear mixed modelling was selectedto evaluate how the fixed effectssuch

as a reader characteristicaffectsthe reader’s performance.

— To account for multiple readers and cases, these two factors were classifiedas random effectsin the

linear mixed model.

— The modelling was done in the R statistical programming environment (version 4.1.2) and used the

Ime4 and ImerTest packages.

— The linear mixed models were divided from into three categories (1. case-based characteristics,2.
readerbased characteristics, and 3. mixed-characteristics) and explores normal and cancer cases

separately

The University of Sycney Page 6

133



Results — LMM Case-based characteristics

Significant findings

* For both normal and cancer cases,
reader performance decreases as
expert-determined difficulty increases (P
<0.05).

Non-significant findings

* Readers showed better performance in
non-dense cases, compared to the dense
cases

* Lesions classified as stellate and discrete
mass demonstrated that readers were
more likely to mark these cases correctly.

The University of Sydney Page 7

Results — LMM Reader-based characteristics

— The most significant reader characteristic is the number cases interpreted per week
excluding 151-200 per week.

— Mean estimate decreases with increasing number of mammograms interpreted per
week.

— Conversely, for the cancer case’s linear mixed model, the number of mammograms
interpreted per week showed a similar trend

— However, the significance was not consistent.

The University of Sycney Page 8
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Results = LMM Combined model

— The third model combined the characteristics found in the previous models

— For readerbased characteristics, mammograms interpreted per week remains
significant

— For case-based characteristics, case difficulty determined by experts remains
significant

— These findings were similar in both normal and cancer cases

The University of Sycney Page 9

Discussion

— Our results show that expert-predetermined difficulty and the number of cases interpreted weekly were the
consistently significant factors

— The purpose of using a linear mixed model was to find the relationship between multiple variables with
coefficients.

— This novel methods provides more power and the ability to observer smaller effects

— Previous studies have found that readers with an annual mammogram interpretation volume of ovet000 perform
better than those reading less than1000 per year (7 -8)

— Notably, our findings on reading volume correlate closely with Kan’s study (9):
— Cancer detection rate improves proportionally with the number of mammograms interpreted,
— Up to a certain upper threshold

— This suggests an upper limit to which readers do not significantly improve in performance

The University of Sycney Page 10
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Discussion — Clinical Implications

Our findings reinforce that using annual reading volumes required to maintain
certification in mammography interpretation is a valuable method to evaluate a
reader’s ability.

However, one problem with the current implementation of the mammography’s
guidelines (10,11)

Another clinical implication to consider is screening for nonspecific densities and
architectural distortions(12).

Compared to calcifications and discrete masses non -specific densities are often more
difficult to diagnose because of their variability in appearancg13).

e University of Sycney Page 11

Conclusion

The

Our findings show that expert-determined difficulty and cases interpreted weekly
were consistently significant factors impacting reader performance

For case characteristics increasing the case difficulty determined by experts reduces
the reader’s performance

For reader characteristics increasing the number of cases interpreted weekly
improves the reader performance up to a certain threshold

Our results show that linear mixed modelling provides extra insights into the impact

of reader- and image -based factors on reader performance in mammography
interpretation.

University of Sydney Page 12

136



References

- 1.RawashdehMA, Lee WB, Bourne RM, Ryan EA, PietrzykMW, Reed WM, et al. Markers of good performance in mammography depend on number of annual readings Radiology
20132691):61-7.

- 2.Reed WM, Lee WB, CawsonJN, BrennanP C. Mali yd ionindigi rams : import: derct isticand required bers AcadRadiol 201Q17(11):140913.

- 3.Suleiman WI, Lewis SJ, GeorgianSmith D, EvanoffMG, McEntee MF. Number of mammography cases read per year is a strongpredictorof sensitivity] Med Imaging (Bellingham)
20141(1):015503

- 4.GandomkarZ, LewisSJ, Li T, EkpoEU, BrennanPC. A machine learningmodel based on readers' characteristicso predicttheirperfo in readin i . Breast
Cancer. 2022

- 5.Hoff SR, MyklebusflA, Lee CI, HofvindS. Influenceof mammography volumeonradiologistgerformance: Resultsfrom breastscreenNorway Radiology20192922):289-96.

- 6.Thébergel, HébertCroteauN, LangloisA, MajorD, Brissonl. Volume of screeningmammography and performance in theQuebecpopulatiotbased Breast Cancer ScreeningP rogram CMALL
20051722):1959.

- 7.SicklesEA,WolvertonDE,DeeKE. Perfor for i ddi i raphy: specialisand IradiologistsRadiology2002224(3):8619.

- 8.BuistDS, AndersonML, Smith RA, Carney PA, MigliorettDL,MonseesBS, et al. Effect ofradiologistsdi isvorkup vol interpretivgerformance. Radiology20142732):351-
64

- 9.KanL,OlivottdA, Warren BurhenneLJ, SicklesEA,ColdmanAlJ. Standardi 1i iomnd cancerdetectionratiosto assessreadingvolumeand reader performance in a breast

screeningprogram Radiology20002152):563-7.
- 10.Smith-BindmanR, MigliorettDL,RosenbergR, ReidRJ, Taplin SH, GellerBM, et al. Physicianvorkloadin mammography. AJR Americanjournalofroentgenology200819((2):526-32.
- 11.MossSM, BlanksRG, BennettRL. Is radiologistsfolumeofmammography readingrelatedto accuracy?A criticalreviewoftheliterature ClinRadiol 200560(6):623-6.

- 12.ShaheenR, SchimmelpenninckCA, StoddartL, Raymond H, SlanetzP I. Spectrumof discasespresentings architecturaldistortioron hy: multimodalityradiologidmagingwith
pathologicorrelationSemin UltrasoundCT MR. 201 132(4):351-62.

- 13.GaurS, DialaniV, SlanetzPJ, EisenbergRL. ArchitecturaDistortiomftheBreast AmericanJournalof Roentgenology2013201(5):W662-W70.

The University of Sydney Page 13

Appendix— Reader characteristics

Reader characteristic n=479
Mean age (years old) 46.22
191
239
49
4.0489
Reader Specit
Breast 301
Breast | Lung | Other 2
Breast | Other 14
g 1
149
Not available 12
Number of mammograms interpreted weekly
301
56
46
29
21
over 200 26
Fellowship trained in breast 94
Working in a breast screen program 120
Readers using d 418
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Appendix — Case Characteristics

Cancer Case cteristic | n=120 |

57
[Dense BN
Normal Case characteristic
19
38
[Dense | Difficolt

Case difficult

Cancer Type

Architectural Distortion,
Stellate 62

[Colcification ———— [Y

Intermediate

it [

15
Nonspecific density 22
101
24
e

The University of Sydney

Appendix — Linear Mixed Modeling results

Number of data Combined  Number of Combined

Charecteristic piey Model 1 &2 Model (3 detapoins ModeI 12 )
Difficulty
Difficult (Infercept) 14 0.634* 1.5797% &7 0.692*  -1.0047*

nz 0.174* 0.17512 18 0.169% 0.522%

109 0.119%%  0.26644** 35 00298 0.0404%
Breast density
Dense 16 -0.016 - 57 000393 -
Non-dense 124 -0.049 _ 63 0.0401 |
Lesion Characteristics
C i - ] ] 21 0.0213 015345
Discrete Mass - - - 15 0.0553 0.109
Nonspecific density - B E 22 -0.0501 -0.0946
Architectural distortion,
spiculated mass and stellate ] 1 h <2 eERa 0.183
Lesion size ] B 120 -0.00169 E
Reader Specialty
Breast (Intercept) 317 1.6968* 0.54829* 317 0.7454* 3.0509*
Non-Breast 162 005675 -0.062** 162 -0.02502 -0.176%
Breast Screen Reader

359 -0.04837 s 359 0.038867 |
Yes 120 -0.06038 - 120 -0.03585 -
Breast fellowship

384 0.27387 - 384 0041077 -
Yes 94 0.017557 - 94 -0.0527** -
Number of mammograms interpreted per week
0-20 301 -0.09835*  -0.08832* 301 00229  0.15205%
21-60 56 -0.19212% -0.20419* 56 0.0678* 0.21397*
61-100 46 0.24791%  -0.26502* 46 00482 0.26168%
101-150 29 -0.32152% -0.34073* 29 0.0674 0.2916*
151-200 21 00848 -0.09766 21 0.111%  0.39452*
>200 2% 0.46454*  -0.45984* 2 0.0480 5 p3064%* Page 16
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Appendix G. Chapter 3’s Linear Mixed Model Code (RStudio)

library (tidyvarse)

library (dplyr)

library (inspectdf)

library (moments)

casenormal <- read csv('PZcasedatancrmal.csv')
readernormal €- read csv | 'Flreaderdatancormal . esv')
casaecancar <- read cgv{'Pansedatacancer.csv'J
readercancer <-— rEEd_csv{’PQreadErdatacancer.csv'J

#convert to correct data type - data is mainly categorical
casenormalfcancer <-as.factor{casencrmalicancer)
casenormal fdensity <-as. factor(casenormal fdensity)
casencrmaliside <-as.factor{casencrmalfside)
casenormalisite <-as.factor{casenormalisite)
casencrmalisize <-as.factor{casencrmalisize)

casanormal fprior <-as.factor (casenormalfprior)
casencrmalfdifficulty <-as.factor({casenormalfdifficulty)
casencrmaldranzer <-as.factor{casencrmaliranzer)

readernormalfage <-as.factor (readarncrmal fage)
readernormalfgender <-as.factor({readernormalfgender)
readernormalfspecialyr <-as. factor(readernormalfspecialisationyr)
readernormalfweaklymamme <-as.factor (readernormal Sweek lymammeo)
readernormal$fellowship <-as.factor(readernormal$fellowship)
readerncrmal$bscreen <-as.factor (readerncrmal $bscreen)
readernormalfdigitalmammo <-as.factor (readernormal $digitalmammeo)
readernormal$special type <-as.factor({readerncrmal §specialtype)

cagecancericancer <-as.factor(casecancerfcancer)
casacancerfdensity <-as. factor(casecancerfdensity)
casecanceriside <-as.factor({casecancerfside)
casecancerisite <-as.factor{casecancerfsite)
casaecancerisize <-as.factor{casecancerisize)
casecancerfprior <-as.factor (casecancerfprior)
casacancerfdifficulty <-as.factor(casecancerfdifficulty)
casecanceriranzoer <-as.factor(casecancerfranzor)

readercancerfage <-as.factor (readercancerfage)
readercancerfigender <-as.factor(readercancerfgender)
readercancerfspacialyr <-as. factor(readercancerfspecialisationyr)
readercanceriweaklymamme <-as. factor(readercancer $weeklymammo)
readercancerifal lowship <-as.factor(readercancerffellowship)
readercanceribscreen <-as.factor (readercanceribscreen)
readercancerfdigitalmammo <-as.factor (readercancerfdigital mammeo)
readercancerfspacial type <-as.factor(readercancer$specialtype)

CaseNormalModel <- lm{accuracy ~ density+ difficulty , data = casencrmal)

summary (CaseNormalModel )

CaseCancerModel <- lm{accuracy ~ cancert density + side + site+ size + prior + diffieculty
+ ranzer, data = casecancer)

summary (CaseCancerModel)

ReaderNormalModel <- lm{accuracy ~ age + gender +specialtypet+ specialyr + weeklymammo +
fellowship + bscreen + digitalmammo, data = readerncrmal)

summary (ReaderNormal Model)
#removing insignificant wariables

ReaderNormalModelv? <- lm{accuracy ~ specialtype + weeklymammo, data = readerncrmal)

summary (ReaderNormal Mode 1v2)
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ReaderCancerModel <- Im{accuracy ~ age + gender +specialtype+ specialyr + weakl ymammo +

fellowship + bscreen + digitalmamme, data = readercancer)

summary (ReaderCancerModel)
#removing insignificant wariables
ReaderCancerModelv? <- lm{accuracy ~ specialtype + weeklymammo, data = readercancer)

summary (ReaderCancerModelv?)

mixednormal <- read csv('mixednormal.csv')

mixednormal $weeklymammoe <-as . factor (mixednormal fweeklymammo)
mixednormal $difficulty <-as. facter (mixednormal$difficulty)
mixednormal §specialtype <-as.factor{mixednormalfspecialtype)

MixedModelNormal <- Im{accuracy ~ difficulty *specialtype + difficulty *weeklymammo
data = readerncrmal)

summary {(MixadModelNormal)

mixedeancer <- read csv('mixednormal.csv')

mixedcanceriweek lymammo <-as. factor (nixedcancer§weekl ymammeo)
mixedecancerfdifficulty <-as.factor(mixedcancerfdifficulty)

mixedeancerfspecialtype <-as.factor{mixedcancerfspecialtype)

MixedModelcancer <- Im{accuracy ~ difficulty *specialtype + difficulty *weeklymammo
data = readercancer)

summary {MixedModelCancer)
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Appendix H. Chapter 4’s Ridge Regression Model Code (RStudio)

# Load regquired libraries

library(glmnet)

librarycarat)

# Load data from the "P3datav?.csv™ file (make sure it's in your working directory)
data <- read.cav("Pidatavi.cav”)

# Assuming your CSV file contains a column "y" for the response variable
¥y <= datafaccuracy

# Extract predictor variables from the ©3V file (adjust column names as needed)

# Include both numeric and categorical predictor columns

X numeric <= data|, c(™siza”}]

x:ca:eanir:al <= data(, c("cancer”, "density”,"side”, "site”,"pricr”, "Difficulty”,
"ranzcr®) |

% Create a formula for the dummyWars function
formula <- as.formula(™~ .7)

# Create dummy variasbles for categorical predictors
X categorical dummy <= predict (dummyVars (formula, data = X categorical), newdata =
X categorical)

# Combine numeric and dummy variables
X o= cbind[x_numerir:, x_ca:eq&rical_ﬂumy]

# Mormalize the predictor variables
¥ normalized <- scale(X)

¥ Fit LASSD regression model
lasso model <- cv.glmnet (X normalized, y, alpha = 1)

# Fit Ridge regression model
ridge model <- cv.glmnet (X _normalized, v, alpha = 0)

# Find eptimal lambda for LASS0 and Ridge models
optimal lambda lasss <- lasso_model$lambda.edin
optimal lembda_ridge <- ridge model$lambda.min

# Get coefficient paths for LASSO and Ridge models
lagao coefficients <- coefl(lasso _model, s = optimal lembde lasao)
ridge coefficients <- coefl (ridge model, s = optimal_ lembde ridge)

# Extract significant variables and their p-wvalues
lasae_significant vars <- lasse ceefficienta(-1, ®sl®] != 0

ridge aignificant vars <- ridge ceeffigienta(-1, ®al®] != 0

# Print significant wvariables and their coefficients along with p-values

cat ("Ridge Model:\n®)

cat ("Significant Variabkles:®, paste(names(ridge significant wvars) [ridge significant wars],
collapae = =, "}, "\n")

cat ("Coefficients:", ridge coefficients|ridge significant wars, "sl1%], "\n")

cat ("P-values :", ridge modelSglmnet.fitSbeta|, optimal lambda ridge]

[ridge significant wars], "\n")

# Fit an OLS regression model
ols model? <- 1lm(y ~ ¥_normalized)

# Obzain p-values for the coefficients
p_values <- summary(cls medel?)jeeefficienta(, "Pr(>|t|)"]

% Print the p-values
cat ("P-values:®, p waluesa, "\n")
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Appendix I. Artificial Intelligence Literature Review

’.) Check for updates
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Introduction

Abstract

Studies have shown that the use of artificial intelligence can reduce errors in
medical image assessment. The diagnosis of breast cancer is an essential task;
however, diagnosis can include ‘detection” and ‘interpretation” errors. Studies to
reduce these errors have shown the feasibility of using convolution neural
networks (CNNs). This narrative review presents recent studies in diagnosing
mammographic malignancy investigating the accuracy and reliability of these
CNNs. Databases including ScienceDirect, PubMed, MEDLINE, British Medical
Journal and Medscape were searched using the terms ‘convolutional neural
network or artificial intelligence’, ‘breast neoplasms [MeSH]| or breast cancer or
breast carcinoma’ and ‘mammography [MeSH Terms]’. Articles collected were
screened under the inclusion and exclusion criteria, accounting for the
publication date and exclusive use of mammography images, and included only
literature in English. After extracting data, results were compared and
discussed. This review included 33 studies and identified four recurring
categories of studies: the differentiation of benign and malignant masses, the
localisation of masses, cancer-confaining and cancer-free breast tissue
differentiation and breast dassification based on breast density. CNN’s
application in detecting malignancy in mammography appears promising but
requires further standardised investigations before potentially becoming an
integral part of the diagnostic routine in mammography.

and categorise them either as normal or as abnormal
(interpretation).

Screening mammography is the recommended tool for
the early detection of breast cancer in women
experiencing no symptoms and has been shown to
decrease breast cancer mortality rate by 40-63%."
However, current diagnostic frameworks for assessing
mammograms such as the breast imaging reporting and
data system (BI-RADS), developed by the American
College of Radiology (ACR) used to report findings into
a number of well-defined categories, can be limited by
‘detection errors’ (pathology missed) and ‘interpretation
errors’ (pathology misinterpreted).® One possible solution
to reduce the errors is utilising artificial intelligence (AI)
tools, which automatically find abnormalities (detection)

In general, Al can be defined as a sophisticated
computer program able to carry out tasks usually
requiring human intellect in areas such as visual
perception and decision-making. Over the past few years,
deep learning has dramatically transformed the Al
industry. Deep learning is a subset of machine learning
methods  based on  artificial neural networks. A
convolutional neural network (CNN) is a class of deep
neural networks, commonly applied to analyse image
data. Similar to conventional machine learning methods,
CNN allows the machine to perform specific tasks by
relying on the inference of decision boundaries rather
than explicit instructions by a user.

134 2020 The Authars. Journal of Medical Radiation Sciences published by John Wiley & Sons Australia, Ltd on behalf of
Australian Society of Medical Imaging and Radiation Therapy and New Zealand Institute of Medical Radiation Technology.

This is an open access article under the terms of the Creative Commons Attribution-NonCommercial License,

which permits use, distribution and reproduction in any medium, provided the original work is properly cited

and is not used for commercial purposes
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Furthermore, CNNs learn relevant features from the
data, with limited input from a human expert, and make
predictions via heuristics when new data are entered.”
CNNs can be used to assist with the detection of breast
cancer on mammographic images with a high degree of
accuracy as measured by sensitivity and specificity.* It can
also reduce the time required to assess a large volurne of
mammograms.” These potential benefits have emphasised
the importance of exploring CNNs ability to accurately
diagnose abnormalitics on mammograms promptly.™®
CNN is faster with similar accuracy when compared to
radiologists without other limiting factors such as a lack
of qualified personnel 7

Considering  recent  advances in Al
mammography, it is essential for the imaging and the wider
health community to befter understand current trends and
developments. However, there is a lack of comparisons in
the literature between similar studies that this literature
review aims to address. The purpose of this study therefore
was to compare the recent developments of CNN in the
diagnosis of mamrmographic images to enable medical
imaging professionals to gain greater insight on how this
techneology can assist our patients in future.

tools  in

Methodology

The focus of this review was to identify the current
developments and wuses of CNN in mammography
diagnostics. Due to the review’s narrative nature, results
were described by description and  exploration  with
qualitative elements rather than systematically.

Using the keywords listed in Table 1, ScienceDirect,
PubMed, MEDLINE, British Medical Journal and
Medscape databases were searched for original English
research studies published between 2011 and 2019, Studies
which used imaging medalities other than mammography
were excluded. A total of 33 relevant peer-reviewed articles
were found® ¥ To compare the results among studies,
relevant features were extracted: (1) author and publication
year; (2) study aimy (3) utilised database; (4) number of
images used; and (5} performance measures including
sensitivity, specificity and area under the curve (AUC).

Results

A total of 33 out of 65 articles were selected under the
inclusion criteria; 32 studies were rejected due to lack of
direct relevance. In the accepted literature, there were
various recurring themes, so  articles further
categorised info four different salient categories:

were

Category 1. Differentiation between benign and

malignant tissues;

Artificial intelligence Assessing Mammographic images

Table 1. List of keywords used to search for relevant topics releted
0 the review.

Tonic Keywords

Artificial intaligence Artificial Intelligence; Deep learning; Artificial
Neural Netwarks; Convolutianal Neural
Network

Anatomy, Pathology Braast; Breast Cancer; Braast Lasion; Breast

of Interest Carcinoma; Breast Neoplasm
Imaging Modality Mammogram; Mammagraphy
Others Image Reading; Diagnostics; BI-RADS; Breast

Scraening

Category 2. Localisation of mass in breast tissue;
Category 3. ‘Cancer-containing’ and ‘cancer-free’
breast tissue differentiation;

Category 4. Breast dassification based on  breast
density.

A total of 12 studies focused exclusively on Category 1,
primartly testing CNN’s ability to distinguish between
benign and malignant masses. Category 2 had seven
studies that focused on mass localisation. Category 3 had
seven studies which focused on screening images as
‘cancer-free’ and  ‘cancer-containing’; Category 4 had
seven studies that used CNN to categorise mammograms
by breast density.

Twenty-two of the 33 articles used the ACR’s BI-RADS
systern fo report manunograms assigning breast imaging
studies to one of six assessment categories (0 — incomplete
stiudy, 1 — negative, 2 — benign, 3 — probably benign, 4 —
suspicious for malignancy, 5 highly suggestive of
malignancy and 6 — known biopsy-proven malignancy).*!

In all 33 articles, four primary image databases were
used:

i. Digital Database for Screening Mammography
(DDSM) (Digitised Lmages): This database from the
University of South Florida contains 2500 studies, with
each study containing two images of each breast and
patient information such as age, when the image
biopsy proven, and ACR breast density classification.
All cases are femnale*

2. MIAS Mini Mammographic Database (Digital Images):
The mini-MIAS provided by the Manumographic Image
Analysts Soclety contains 161 pairs of films and has
commonly encountered pathologies and normal cases. ™

3. INbreast database (Digital images): This database has
410¢ images from 115 cases: 90 cases have images of
both breasts and 25 cases from mastectonty patients.
All patients are females. Different pathologies include
masses, calcification, asymmetries and distortions,™

4. Breast Cancer Digital Repository (BCDR) (Digital and

Digitised images): BCDR is a public repository

® 2020 The Authors, Journal of Medical Raciation Sciences published by Iohn Wikey & Sons Austealia, Lid on behalf of 1358
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Artifical Intelligence Assessing Mammographic Images

composed of breast cancer patient’s case studies hosted
by the IMED Project in March 2009° Data
classification uses BI-RADS and is subdivided into two
repositories: the Film Mammography Repository and
Full Field Digitall Mammography Repository. The
BCDR has been used to train CAD schemes and is still
in development,”® Digitised images contain 1010
patients (998 female and 12 male) ranging from ages
20 te 90, 1125 studies and a total of 3703 images. The
digital database is in development with 724 patients
{723 fermale and 1 male) ranging from ages 27 to 92,
1042 studies and a total of 3612 images.*®

Discussion

Category 1: Differentiation between a
benign and malignant mass

The differentiation between benign and malignant masses
in CNN breast screening was the most prominent
category  of study. Akselrod-Ballin’s CNN  accurately
diagnosed mammograms  cassified as BI-RADS L
however, it found difficulty diagnosing higher graded
images.'® Importantly, they noted that CNN systems have
issues differentiating benign and malignant masses in BI-
RADS 3 images.'” When BI-RADS 3 images were
excluded, their CNN system improved detection AUC
from 0.60 to 0.72. Aside from this study, other studies
did not mention BI-RADS 3 exclusion.

Furthermore, Carneiro suggested that their CNIN's
inability to diagnose BI-RADS images >1 was due to
training  Images  being  annotated  for  either
micracalcifications or masses, but not for both in a single
image, potentially affecting heuristics.””  Additionally,
automated segmentation made by CNN generally resulted
in lower accuracy, since defection of false-positive masses
impacts the system’s performance in mass dJassification.,”

Category 2: Localisation of masses in breast
tissue

Although many studies focused on benign and malignant
differentiation, tumour localisation was another common
topic. Five studies showed detecting a mass in dense
breast regions and pectoral muscles to be difficult due to
high intensities,”? ¢

Al-Masni et al.¥ employed a You Only Look Once
(YOLQ) system that uses a singular network for diagnostics
by dividing the input image into multiple subregions,
compared to traditional neural networks requiring multiple
networks for each extracted region. As a result, their system
operated quicker compared to traditional neural networks
and successfully identified masses in pectoral muscles and

D. J. Wong af al.

dense tissues; they suggested that its ability to localise
masses in radiopagque areas was due to augmented training
by digitally menipulating images to produce more training
images.

Hwang et al.”! experimented with CNMN’s ability to self-
Tearn via a weakly supervised CNIN system, meaning that
images used for training were minimally annotated with a
weak description. Compared to other studies, the results
were poor for AUC, sensitivity, specificity and accuracy
with no results exceeding 0.77.2' This finding suggests
that current CNN's need highly annotated images for
training for accurate results.

Overall, the results from the studies in Category 2
appear promising in highly supervised training methods,
but weak in lowly supervised systems.

Category 3: 'Cancer-containing” and ‘cancer-
free’ breast tissue differentiation

In 2018, a study using a CNN system was designed to
differentiate between tormal and abnormal images via
biomarkers such as breast density, presence of mass and
microcalcification.®® Their results indicated that abnormal
images were more accurately
microcalcifications and benign cases were excluded. The
authors suggested that due to the training data having an
uneven number of cases of normal and cancer cases, this
caused overfitting and database dependency. This creates
difficulty distinguishing between benign and malignant
cases due to overreliance on heuristics and an inability to
learn and adapt from new cases.”®

Al-Antarl modified Al-Masni et al’s YOLO system to
differentiate between cancer-containing and cancer-free
images, their study demonstrated an accuracy of 95.64%
and noted that a robust CNN system heavily relies on the
deep learning model in segmenting specific region of
masses to reduce potential false positives from surrounding
tissucs.™

identified  when

Category 4: Breast classification based on
breast density

Breast tissue density may increase the likelihood of
developing breast cancer, as increased breast density and
glandular tissue may make it difficult to detect early signs of
breast cancer such as microcalcifications.™ The impartance
of classifying breast density for breast cancer risk must be
stressed as the relative risk of developing breast cancer in
wonien with heterogeneously dense breasts is 1.2 times more
compared to the average women, and for women with
extremely dense breasts, the relative risk is 2.1 times higher.
This is likely due to the masking effect, excess glandular
tissue and hreast density as an independent risk factar.*®
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Between 2018 and 2019, there were studies that tested
CNN’s capabilities in cafegorising mammograms by
breast  density.”™®***  Ha’s  preliminary  system
demonstrated an accuracy of 72% in predicting ‘high’-
risk and ‘low’-risk mammograms by generating heat maps
on the mammograms where red’ areas had overlapping
mammographic features suggesting high density, high and
Tow risk defined as dense and non-dense, respectively.”’
They noted that while the red areas on the heatmaps
suggest arcas of high density, the pixel map generated
does not necessarily indicate specific areas where breast
cancer may develop.”” Notably, Mohammed's study
demonstrated a high accuracy on differentiating between
BI-RADS category ‘scattered density’ and “heterogeneously
dense” images, however, noted that their study was a
retrospective  study and the images wused had littde
vartation in  mammegraphic venders and imaging
protocel, suggesting that their system may not guarantee
the same
iraging standards.”

Fonseca et al conducted a preliminary study to
diagnose breast density wusing the ACR's  breast
composition categories (a — entirely fatty; b — scattered
areas of fibro-glanddar density: ¢ heterogeneously
dense tissue, potentially obscuring small masses; and d -
extremely  dense, lowering mammography
sensitivity)™ and achieved a mean accuracy of 0.7305,
similar to a radiclogist when categorising breast density.*”
The study’s weakness was that the images used were
sourced locally and not from a mainstream database.
Additionally, a study found that inter-reader agreement
regarding breast density classification was only at 49%
and agreement was usually on either fatty breasts or
extremely dense breasts®® Therefore, there is a great
potential in improving breast density classification in
assessing breast cancer risk nsing CNNs capabilities.

Diniz in 20187 classified breast tissue by density and
regions with or without a mass; by combining them, they
localised and detected masses In  dense (Cooper’s
ligaments, mammillary glands and ducts) and non-dense
tissue (adipose tissue). Sensitivity was slightly higher in
non-dense tissae (0.9156 vs. (.9036), yet dense tissue had
significantly  higher specificity (0.9635 vs. 0.9073),
meaning that their CNN was better at recognising
negative non-dense images but identified abnormalities
more accurately in dense tissues.>

results from different manufacturers and

breasts

Sensitivity and specificity, total
accuracy and AUC of CNNs

Basic statistical analyses are employed for simple
comparisons between a  study's  AUC,  sensitivity,
specificity and total accuracy gathered from Table 2. The

Artificial Intelligence Assessing Mammographic images

gverall mean of CNN’s AUC, specificity, sensitivity and
total accuracy is listed in Table 3. It is important to note
that data sefs used in the radiologist studies are not
standardised and images are from patients with vastly
different clinical history.

For sensitivity, minimum and maximum  value
disparity is greater for CNN, but the lowest and highest
sensitivity range s more significant. The lowest sensitivity
and specificity are from a study by Hwang and Kim; their
results are lowest across all parameters, reinforcing that a
highly supervised learning requirement is required. They
argued that the training database (DDSM) contained low-
quality images with many artefacts. However, this issue
did not occur for other studies.

Of note, some studies omitted sensitivity and specificity
results, so performance comparisons between the CNN
and the radiclogist are rudimentary. Furthermore, every
study used a different number of images to ¢rain and test
their systems, making exact comparisons difficult.

From these four parameters, the current development
of CNN appears promising in mammographic diagnostics
but requires highly supervised learning {(irmages that are
highly annotated with regions of interests to learn and be
segmented), sufficient images for training and adjustment
of learning algorithms to ensure overfitting and database
dependency do not occur fo achieve good diagnostic
results.

In 2018, a retrospective study compared the
performance of a CNN systemr to 101 radiologists and
found that the CNN system slightly outperformed the
radiologists AUC of 0.840 and 0.814,
respectively.”! However, due to the study’s retrospective

with  an

nature, results may suffer from the ‘laboratory effect’ and
may not be applicable in a cinical setting.™

Limitations of this review and
current literature

Although some studies have used the same databases for
training, many have used a different combination of
databases and varicus numbers of images for training
Hence, valuable comparisons between studies are difficult
to make as each database wuses mammograms from
different hospitals, image parameters and manufactarers,
resulting in a lack of reference standards between data
sets, Since the study outcomes depend significantly on the
database used for training, the variability between these
databases can affect cach AIl's performance algorithm.
This called ‘inter-database variability’,
causing optimisation of algorithm and standardised

variability s

comparison between studies extremely challenging.™
Additionally, there are several ‘cases’ per database and
stucies may not use the same cases. For example, Rouhi
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Table 2. 33 studiss listed by category, author, year, databese used, number of images, AUC, specificity, sensitivity and accuracy.**°

D. ). Wong et al.

Authar Year  Datahase #(Cases (mages) ALC Specificity  Sensitivity  Accuracy

Category 1 studies

Ramos-Falian et al® 2011 BCDR 286 099 077 0.95 097

Rouhi et al® 201 DDSM 176 {170} 0951 096 0.97 .96

Arevalo et al."® 2015 BCDR 344 (736) 0.86

Aravalo et 2l 2016 BCDR 344 (736) 0.7

Dhungel et al.'? 2016 ibreast 115 {410) 0.87 6.9

Huynh at al.*? 2016 Custom () .81

Jiao et al1® 2016 DDSM () .97

~arneircet al.'® 2017 MNhreast 15 {410) 0.72 0.66 .65

Camelro et al.'” 2017 Nbreast 115 {410 087 kv .60

Carnairo at al.'® 2017 DDSM 172 {680 G.97 097 494

Kool et al 27 2017 Custom 956 {1804) 0.8

Teare et al."” 2017 DDSM 0 0.92 0.91 0.8

Chougrad et al.'® 201 DDSM 1329 (5316) 0.98 0.97

Chougrad et al.'® 2018 iNbreast 50 (200} 0.97 0.96

Chougrad et al.'® 2018  BCDR 300 {600) 0.96 0.97

Chougrad et al.'® 2018 MD#Ex 1528 (6116) 0.99 0.99

Chougrad et al.'® 2018 MIAS 113113) 0.99 0.98

Akselrod-Ballin et al*™® 2016 DDSM, INbreast 850 {830) 6.78

Akselrod-3allin et al#*'? 2016 DDSM 850 (850) .77
2016 iNbreast (without Bl RADS 3} ()

Akselrod-Ballin et al*™® 2016 DDSM, INbreast —850 0.6

Akselrod-Ballin et al.**'® 2016  DDSM, INbreast without BFRADS 3) 85 0.72

Rinli et al.2? 2018 iNbreast 15{115) 0.85 0.9

Category 2 studies

Hwang et al 2! 2016 DDSM and MIAS 10,363 (322) 0.68 076 0.58 07

Hwang et al.*' 2016 DDSM and MIAS 10,363 (322} 0.54 0.5 0.44 0.66

Almasni et al.?? 2017 DDSM —600 $.9633

Sampaic?? 2011 DDSM 566 (566) 0.87 0.86 0.8 0.85

Sun et al2* 2016 Custom —1874 08818 072 0.81 0.8243

Shen et al.®* 2019 DDSM 2223 0.922 0.9643

Savelli et ai.“® 2019 115 {410) 0.763

Kool et a8 017 44,090 0.941

Category 3 studies

Kim et al.2® 2018 Customn 28,107 0.91 0.89 0.76

Jadoon et al.*® 2017 DDSM and MIAS 0 0.85 0.82 0.88 0.82

Al-antari et a0 2018 INbraast 115 (410) 0.9478  0.9241 0.9714 0.9564

Kaur et al ' 2019 MIAS 20 0.58 0.9 6.9

Anltha et 2l 32 2017 DDSM 300 4.925

Anitha et al. ¥ 2017 MIAS 170 .935

Wichakam et al. ™ 2016 iNbreast 216 $.9727

Suzuki et al.* 2016 DOSM 198 0.89¢

Category 4 studies

Fomseca et al. % 2015 Custom 1157 6.75

Bandeira Diniz et al.3¢ 2018  DDSM Non-dense; — (1004) 0.91 0.92 0.91

Bandeira Diniz et al.® 2018 DDSM Dense; {1482) 0.96 0.9 0.95

Ha et a3 2009 Custom 1474 0.72

Mohamed et al.®? 2018  Custom 15,415 0.95

ionescl et al.?? 2018 Custom 67,520

Mohamed et al.>® 2018 Custom 22,000 0.926

Trivizakis et a1 2019 DDSM 2800 (10,258 0,548

Trivizakis et ol ™ 018 MIAS 161 {3223 G798

*Exp1.
FEEXDD.

#*#*MD = DRSSV INbreast + BCDR.

138
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Table 3. Comparison between mean, medizn, minimum and maximurn values of AUC, snecificity, se

Artificial Intelligence Assessing Mammographic Images

rsitivity and total accuracy from tha 33 TN

studies™ and four radiologists studies.™ 7

Migan Median Minimim Maximum

NN Radiclogist CNN Radiclogist CHN Radialogist CHN Radialogist
ALT 0.851 0876 0.540 3,596
Spacificity 0.851 0.905 0.890 0.808 0.660 £.889 0.970 C.988
Sensitivity (.833 0.795 (.899 0.916 03.440 0.600 0.977 0.899
Total accuracy (.883 (.830 0.660 2.5%0

et al’s” model aimed to differentiate malignant or benign
lesions, while Diniz et al’s>® design aimed to localise
mass and categorise images based on breast tissue density.
Although both used the same database, the cases used
were different, meaning that direct comparisons are
difficult. Furthermore, current data sets are archaic and
lack realism; many images still use digitised rather than
digital images; the data sets Jack clinical history such as
risk factors, ethnicity and age make thorough analysis
difficalt. Also, in real-world screening approximately (.5—
(.8% cases contain cancer, meaning that data sets used
had a high number of malignancies.

Likewise, the number of images used to pre-train and
test the CNN varies between studies and this potentially
affects its calibration. A CNN extensively trained with
small training schemes may lead to overfitting and
database dependency which causes the CNN 1o be over-
reliant on hewristics taught in training, resulting in weak
fature  predictions, analysis and adaptation to new
images.” To improve comparisons betwesn CNN and
radiologists, their performance must be examined on the
same data set and investigations to identify overlapping
ertors between Al and humans are recomumnended.

To solve these issues, mainstream databases should be
selected and standardised with the same cases and images
used so meaningful statistical analysis can be performed
such as ROC analysis and

between  studies

homaogeneity.

carve

Conclusion

CNN diagnosis in mammography has been demonstrated
as an expanding field in artificial intelligence diagnostics.
The most significant limitation of the current studies is
the lack of standardisation between studies. Despite this
Hmitation, the mean accuracy across the studies is
promising, showing the potential reliability of CNN in
mammography diagnostics.
Current  innovation  in

CNN  diagnostics  for

and breast classification based on density. Literature
indicates that the differentiation of benign and malignant
masses has the most developments, and the consensus
suggests that CNN is cornparable in performance to a
radiologist. However, there are still some significant
weaknesses within the 33 studies due to the inter-
database variability, inadequate original data reports and
other aspects of Al training such as unsupervised learning
and fraining schemes. Therefore, as promising as the
CNN  application  in
malignancy in breasts seems, it does not currently appear
ready for the real clinical environment and requires
further standardised investigations hefore it can be a part
of the diagnostic routine for mammography imaging.
With the developments, instead of soley
investigating CNN performance versus radiologists, the
real opportunity is fo examine CNN's potential to
support radiclogist’s performance both for training
purposes and as a computer aid to help them to further
improve medical image diagnosis.

introduction  of a detecting

current
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