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Abstract 

This thesis aims to explore the value of global mammographic radiomic features for improving 

the process of curating educational mammographic test sets. It first examines existing literature 

to identify knowledge gaps. It then studies the value of global radiomic features in predicting 

global gist signals (radiologists’ first impression about an image), and difficult normal cases of 

radiologists (widely varying experience) and radiology trainees (limited skills).  

Three original research studies with ethics approval were included. First study employed 4191 

mammograms to collect gist signals, from 13 radiologists, which were averaged and given to 

each image. Images were grouped into high- and low-gist. 130 global radiomic features per 

image were extracted and used to build eight separate machine learning classifiers for 

characterizing high-gist images. Second study, 361 normal cases interpreted by 537 readers 

were classed into highly difficult- and easy-to-interpret. 34 global radiomic features per image 

were extracted and used to create three classifiers to predict difficult-to-interpret cases. Third 

study involved grouping 280 normal cases, interpreted by 137 radiology trainees, into hardest- 

and easiest-to-interpret. 34 global radiomic features for each case were retrieved and used to 

construct a classifier for predicting hardest-to-interpret cases. The models were trained and 

validated using 10-fold cross-validation (first study) and leave-one-out-cross-validation 

approach (second and third study). Their performances were assessed by the area under 

receiver operating characteristic curve (AUC). Important features were identified via 

exploratory factor analysis (all studies).  

The classifiers achieved AUCs of up to 0.84 for characterizing high-gist images (first study) 

and 0.71 for predicting difficult-to-interpret normal cases of radiologists (second study), and 

0.75 AUC for predicting hardest-to-interpret normal cases of radiology trainees (third study). 

Overall, eleven important features were cluster shade, sum entropy, difference variance, 

correlation, homogeneity, cluster prominence, standard deviation, skewness, kurtosis, range, 

and coarseness.  

The findings offer novel insights into possible appearances of global mammographic radiomic 

features that underlie radiological errors and difficult normal cases when interpreting screening 

mammograms. This data could be used to enhance educational mammographic test sets.  



Chapter 1 – Introduction 

1



 

 

1.1 Background 

Breast cancer is the most commonly occurring and the primary cause of cancer-related death 

in women around the world [1]. In 2020, more than 2.2 million new cases of breast cancer were 

diagnosed and almost 700,000 deaths were reported [1-4]. Despite the notable evolution in 

screening techniques, technological advancement in image acquisition, and innovative 

therapies for breast cancer, there is a persistent and concerning trend of increased incidence 

and mortality rates across numerous countries globally [5-12]. Early detection of breast cancer 

through screening mammography, however, has proven to be one of the most effective ways 

to reduce the breast cancer mortality rate [13-17]. In the rest of this section, a brief background 

about screening mammography and its challenges will be presented, and the role of educational 

materials and self-assessment modules to improve diagnostic accuracy in interpreting 

mammograms will be the focus.  

1.1.1 Screening mammography: challenges and strategies for improving 

interpretation accuracy 

For many decades, screening mammography has been the only prevalent screening method of 

breast imaging for early detection and management of breast cancer, proven to significantly 

reduce mortality by up to 40% [8, 12, 18-20]. Detecting breast cancer early via screening 

mammography therefore remains a crucial cancer control strategy as it contributes to better 

outcomes in treated patients with potential survival gain of at least 5 years after the diagnosis 

[13-15].  

Whilst screening mammography has many benefits, like most screening tests, it is not 

completely accurate as its efficacy depends greatly on the mammographic interpretation and 

perceptions of radiologists which can vary widely [21-23]. Differences in skill and experience 

levels among radiologists can lead to errors in mammographic interpretation, potentially 

undermining the efficacy of breast cancer screening outcomes while incurring significant 

clinical and economic consequences [23-25]. Numerous studies have reported considerable 

prevalence of missed cancer cases (i.e., up to 50% of false negative errors) alongside instances 

where normal cancer-free mammograms were incorrectly identified as cancers (i.e., up to 16% 

of false positive recall rates and 63% of cumulative chance of a false positive reading following 

ten rounds of biennial breast screening) [23, 26-32]. In addition, false negative errors may lead 
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to treatment difficulties and decreased overall survival owing to the delayed detection of breast 

cancer [33, 34]. False positive misdiagnoses, on the other hand, can cause enormous yearly 

expenses to the healthcare system (such as over US$2.5 billion in the United States) [35] while 

increasing patient depression and concerns due to unnecessary invasive procedures and/or 

overdiagnoses [36-38]. Although various strategies like double or second readers (external 

radiologist or Artificial Intelligence/AI) have been proposed to reduce errors in mammography 

interpretation, these strategies still face issues with variability in readers’ experience, leading 

to significant inter-reader disagreement and dismissal of AI marked lesions [23, 39]. It is 

therefore imperative to consistently evaluate and enhance radiologists’ proficiency in 

accurately interpreting screening mammographic images so that diagnostic errors can be 

drastically minimised. 

Although clinical audit programs are commonly used to evaluate cancer detection performance 

of radiologists engaged in mammography screening, radiologists often face delays in receiving 

timely feedback on the efficacy of their interpretation [25, 40-42]. The low prevalence rate of 

breast cancer in the screened population also restricts radiologists’ exposure to interpreting 

cancer cases while extending the time (to 2 years) required to accumulate sufficient data for 

meaningful assessment of their performances [42-44]. The challenge of defining the total 

number of cancer and normal cases within audit programs also hampers the precise 

determination of individual radiologist’s sensitivity and specificity [41, 45, 46]. Hence, there 

is a serious demand for more immediate and responsive systems to better evaluate radiologists’ 

performance when interpreting screening mammograms.  

One effective approach to regularly monitor and evaluate radiologists’ performance is through 

self-assessment educational test sets. Numerous educational and training programs such as 

Breastscreen REader Assessment STrategy (BREAST), Personal Performance in 

Mammographic Screening (PERFORMS), and DetectED-X have been established to assess 

and improve clinical radiologists’ performances supplemental to the clinical audits [25, 47-51]. 

These educational platforms generally rely on providing self-assessment educational test sets 

for radiologists seeking to monitor and identify reasons for mammographic errors while 

offering immediate feedback upon completion of the test set to minimise these mistakes [25, 

47, 48, 51]. Self-guided educational approaches such as self-assessment educational test sets 

have proven to be an effective educational tool and are popular among radiologists and 

radiology trainees (i.e. radiology residents) [25, 41, 49, 52-55]. As an example, since the 
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establishment of BREAST in 2011, over 80% of Australian radiologists (including breast 

physicians and radiology trainees) across all states and territories as well as radiologists from 

New Zealand, Asia, Middle East, and Europe have participated in the program [41, 49].  

1.2 Deficiencies in literature 

1.2.1 Mammogram interpretation: optimising mammography education 

It has been shown that the educational test set-based programs can enhance radiologists’ 

proficiency in interpreting mammograms [25, 41, 47, 49, 51-56]. Conversely, presently, the 

process of curating test sets still heavily relies on expert radiologists’ subjective and manual 

evaluation and selection of difficult/easy cases based on the traditional human-extracted Breast 

Imaging and Reporting Data System (BI-RADS) breast density category and benign features 

[52, 57-62]. Recent studies have demonstrated that expert radiologists-determined case 

difficulty or high BI-RADS breast density-based case difficulty is not a good descriptor of 

the actual case difficulty experienced by readers in the mammographic educational test set 

[59, 63]. Furthermore, when assessing performance of radiology trainees with less 

mammography interpretation experience, prior work discovered that although expert-

determined difficulty can predict radiology trainees’ actual false negative errors, it cannot 

reliably predict their false positive errors [64, 65].  

When looking at human-extracted mammographic features associated to case difficulty and 

radiological errors more specifically, several studies were conducted to identify what human-

extracted mammographic appearances make cases difficult for radiologists [66-71]. One study 

recognised that at reduced recall rates, cancer cases with non-specific densities features and 

high BI-RADS breast density were more likely to be missed while cancers with stellate masses 

and low breast density were more likely to be detected/recalled [69]. However, other work [66] 

established the reverse indicating that lesions with low density were more likely to be missed 

by readers (i.e., difficult) than lesions with high density, similar to the above mentioned studies 

[59, 63]. Another research [68] investigated correlation between various image features (e.g., 

BI-RADS breast density, lesion size, and different types of shape and texture) and detection 

rate of breast masses. It was found that features related mainly to lesion shape (e.g., lesions 

with abnormal margins) and size can notably contribute to declined cancer detection [68]. 

Earlier work focusing on analysing morphology features also revealed that shape features of 
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mammographic masses were associated with challenging to classify cases like spiculated 

benign masses and circumscribed malignant tumours [67]. When examining error in detecting 

mammographic masses, two studies uncovered potential results of using BI-RADS features 

(such as, mass shape, mass margin, and mass density) to predict individual error made by 

radiology trainees or cases that they were more likely to miss when detecting mammographic 

masses (area under receiver operating characteristic curves/AUCs of up to 0.61) [70, 71].  

Based on the above findings [59, 63-71], it could be suggested that the uniform test set curation 

approach based on expert-, BI-RADS breast density- or benign features-determined difficulty 

alone may be compromised in accurately assessing the actual difficulty of cases based on the 

individual’s performance in the test set. Hence, it could ultimately result in a less than optimal 

fulfillment of their training needs. Moreover, the above studies focus largely on missed 

cancer cases while the knowledge around what makes a normal case difficult and what 

causes false positive errors has not been adequately researched. According to the holistic 

processing model, mammogram interpretation expertise development involves building an 

internal representation of normality and to have a high interpretative accuracy in addition to 

cancer detection rate, it is necessary to ensure the normal representation/features have been 

well trained and learned by readers [72-75]. Given the fact that expert-determined case 

difficulty is not a good predictor for false positive errors [64, 65], understanding what features 

constitute normal case difficulty and diagnostic errors in radiology when interpreting 

mammographic images is therefore critically indispensable, particularly for improving 

radiology training programs to advance radiologists performance. Accordingly, there is an 

urgent need to address this knowledge gap so that reliable and accurate test set difficulty 

generation can be developed while individual specific errors can be better examined and 

improved. 

1.2.2 Radiomics: insufficient global radiomics analysis 

Radiomics is a rapid emerging field in medical imaging. It focusses on utilising computer-

extracted features from medical images to reveal valuable hidden quantitative image-based 

information which is not optimally recognised or assessed by the human eye [76]. Radiomics 

analysis pipeline involves extracting and analysing a vast array of quantitative features from 

medical images and converting them into multi-dimensional mineable data for decision support 

and improving accuracy of breast cancer management [77-79]. Numerous radiomics studies 

have also been conducted in breast cancer showing the potential usefulness of radiomics in 
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improving the accuracy of cancer detection, diagnosis, and prediction [76-80]. Yet, most 

radiomics studies predominantly address cancer prediction, diagnosis, and forecasting patient 

outcomes or cancer recurrence (more detailed discussion in Chapter 2 including studies 

summarised in Table 1) using local radiomic features (describing image sub-regions or 

patches). The importance of global radiomic features (explaining the whole image) has 

not been well explored [81-83].  

Furthermore, only a limited number of studies concentrated on employing radiomic features 

(i.e., computer-extracted features) to predict the difficulty of cases. These existing studies focus 

primarily on using computer algorithms to predict and model error making patterns of 

radiology trainees [64, 70, 71, 84-88]. For example, a user model (or a computer algorithm) 

was developed to predict false negative errors of trainees interpreting digital breast 

tomosynthesis (DBT) images [84]. The model first segmented the lesions, extracted local 

radiomic features, and used a multivariate logistic regression classifier to predict the possibility 

of trainees missing an abnormal location. This approach exhibited a significant improvement 

in distinguishing detected and missed lesions compared to random selection. Another work 

related to predicting missed mammographic masses made by trainees using computer-extracted 

features demonstrated the existence of error making patterns among trainees [85]. Additionally, 

relationship between case difficulty and error rates was investigated, finding that increased 

difficulty, whether self-assessed or expert-assessed, correlated with lower performance in 

mammography interpretation among trainees [64]. Using BI-RADS features to predict mass 

detection errors of radiology trainees were also explored, showing that individual models could 

effectively predict the likelihood of the errors [70] while examining error patterns in local BI-

RADS descriptor assessments highlighted the potential for personalised educational materials 

based on identified error patterns [71, 88].  

It is important to note that all the above-mentioned studies concentrate chiefly on false negative 

errors [64, 70, 71, 84, 85, 88] though high performance in image interpretation heavily relies 

on reducing false positive errors as well. In this area, an algorithm to model radiology trainees’ 

false positive error making patterns in reading mammograms using computer vision-based 

segmentation, local radiomic features, and a random forest classifier was suggested [86]. 

Another computer vision-based algorithm to predict their false positive errors in interpreting 

DBT cases based on local radiomic features and machine learning was also developed [87]. 

Their approach involved identifying difficult locations, segmenting potential abnormalities, 
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extracting local features, and building an individualised classifier to predict error for each 

trainee. This method proved to be effective in identifying error prone locations, significantly 

improving over random location selection [86, 87].  

Overall, the studies employing radiomics [84-87] largely give emphasis to local radiomic 

features and radiology trainees using a limited number of dataset (n = up to 29 trainees 

and 3 expert radiologists, and up to 100 mammographic and 60 DBT cases). Most of the 

existing research also [64, 70, 71, 84-88] pay more attention to false negative errors while false 

positive errors/difficult normal cases have not been well analysed.  

1.2.3 Current AI tools lacking focus on more difficult normal cases and 

global radiomic features 

In an effort to improve mammography education, numerous studies investigated the diagnostic 

ability of using AI tools, including using radiomics approach, to predict readers’ difficult cases 

and error making patterns (e.g., false positive location errors and missed mammographic 

masses) [85, 86, 89-92]. For instance, in the preliminary experimental work, an individualised 

adaptive computer-aided radiology training system based on user modelling utilising machine 

learning and statistical techniques was proposed [89, 90]. It was shown that machine learning 

user specific models were useful in predicting the level of difficulty of the biopsy-proven mass 

cases that radiology trainees were likely to experience based on two BI-RADS descriptors 

(parenchyma density and mass margin). Moreover, between these two BI-RADS features, mass 

margin was demonstrated to be the most useful features in predicting individual trainee errors 

[90].  

In terms of predicting error making patterns of readers, studies employed radiomic analysis 

exhibited capability of local radiomic features models to predict radiology trainees’ error better 

than chance in the detection of mammographic masses (AUCs up to 0.63) [85, 91] and their 

suspicious false positive errors locations (up to 40% accuracy) [86]. Another interesting study 

[92] exhibited that by combining visual gaze features with image features (BI-RADS and local 

radiomic features) using machine learning techniques, diagnostic error making pattern of 

readers could be modelled. It was discovered that group-based model performed reasonably 

well (AUC of 0.79) while personalised modelling of readers’ error was more feasible for more 

experienced radiologists (AUC of 0.84) than for naïve radiology trainees (AUC of 0.67) [92]. 
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Mass margin and mass shape of BI-RADS features were also found to be important descriptors 

for human error [92], similar to the previous study [90]. 

The above mentioned pilot and exploratory work, nevertheless, [85, 86, 89-92] did not 

emphasise on more difficult normal cases to supplement readers’ mammogram reading 

ability, alert readers about the case for enhancing reading strategy (e.g., double/single reading, 

senior/junior reader) or improve educational test set generation more specifically [39, 60, 93, 

94]. Furthermore, these studies yet again mainly concentrated on radiology trainees with a 

small number of readers (n = up to 10 trainees and 3 expert radiologists) and mammographic 

cases (n = up to 100 cases) used [85, 86, 89-92]. Once more, those studies [85, 86, 91, 92] that 

employed radiomics analysis for their predictive models purely put emphasis to local radiomic 

features and not global radiomic features [81-83].  

1.2.4 Medical image perception: reliable gist predictor is required 

Additionally, it has been established that experienced radiologists can perceive the gist of 

breast cancer based on their holistic quick initial impression on a mammogram after a half-

second image viewing (referred to as “global gist signal”) [95, 96]. More recently, evidence 

shows that experienced radiologists can identify the global gist signal, in prior normal 

mammograms of women who were diagnosed with breast cancer at a later date, suggesting 

potential for breast cancer risk prediction [26, 97, 98]. They can also detect the global gist 

signal in current normal mammograms, containing no apparent localised lesion sign, 

contralateral to the malignancy breast [99]. Other studies also exhibit the usefulness of global 

gist signal in mammogram expertise development and interpretation when reading difficult 

cancer cases (e.g., undetected retrospective visible cancers) and deficiency of gist global 

image processing skill can result in diagnostic errors [100-103]. Despite gist is a noisy 

signal and can be inconsistent both within the same observer and among different observers, 

the above findings evidence the great efficacy of the global gist signal in mammographic 

interpretation and expertise development in detecting and predicting a breast cancer [104, 105]. 

Consequently, a good predictor for the global gist signal is needed. 

Given the pivotal roles played by both global gist signal in guiding visual searches and 

diagnostic decision-makings as well as radiomics in mammography, it is critical to explore a 

unique method of global radiomic analysis in this thesis for improving the process of curating 

educational mammographic test sets [26, 81, 95, 97, 98]. Yet there seems to be no study 
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conducted using global mammographic radiomic features to explain the characteristics of 

global gist signal, in other words if global radiomic features are the driver of global gist signal. 

Once this is established, further study is required to assess if these global radiomic features, 

driving radiologists’ initial sense about the case, are drivers of more difficult normal cases 

readers (in general) experienced in the mammographic test sets, since gist has been exhibited 

to be important for interpreting difficult cancer cases and expertise development [100-103, 

106]. If they are, it would also be helpful to explore if these features are predictors of more 

difficult normal cases for specific cohort like radiology trainees providing they have inadequate 

ability in processing global images and interpreting mammograms and there is a value of gist 

in their expertise development [26, 72, 85, 86, 95, 100, 105]. This is so that the process of 

curating the educational test sets can be enhanced considering nearly 70% of the total cases in 

many test sets are normal cancer-free [25, 54, 56] - Figure 1.2. 
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Literature review 
(Chapter 2)  
To identify knowledge 
gap to guide curation of 
radiomic features set 
and inform subsequent 
investigation. 
 

Study 1 (Chapter 3) 
To determine global 
radiomic features 
(identified through 
literature review) that 
reliably predict global 
gist signals. 

Study 2 (Chapter 4) 
To examine global radiomic 
features (driving global gist 
signals) that predict 
difficult normal cases of 
radiologists with varying 
levels of experience. 

Study 3 (Chapter 5) 
To explore global radiomic 
features (from study 2) that 
predict difficult normal 
cases of radiology trainees 
with limited experience in 
global image processing 
and mammogram 
interpretation. 

Radiomics  
 
Value of local radiomics 
analysis in describing 
mammographic 
characteristics. 
Importance of global 
radiomics analysis has 
not been well studied. 

Medical Image Perception 

Value of global gist signal 
(holistic image processing) 
in mammogram 
interpretation linking to 
difficult cancer cases. Signal 
can be variable, so reliable 
predictor is needed. 

Value of global gist 
signal in expertise 
development. Lack 
of global image 
processing ability 
linked to diagnostic 
errors. 

Mammogram Interpretation 
 
- Expert-determined case difficulty and using BI-
RADS breast density are suboptimal for educational 
test set curation.  
- Knowledge about what makes a normal case 
difficult has not been well examined. 
- Current AI tools lack focus on more difficult 
normal cases to complement or alert readers.  

Figure 1.2. Thesis flowchart. Based on the existing knowledge and gaps (blue boxes), the 
thesis’ aim (green) is to be achieved through the objectives of each study/chapter (orange). 
AI = Artificial Intelligence, BI-RADS = Breast Imaging and Reporting Data System. 
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1.3 Thesis’ aim and objectives 

Based on all the above identified knowledge deficiencies in the existing literature, the 

overarching aim of this thesis is thus to investigate the value of global mammographic features 

derived from radiomics analysis in enhancing the process of curating educational 

mammographic test sets (Figure 1.2).  

The thesis contains four objectives. 

 Objective 1 is to examine the existing mammographic literature regarding the 

efficiency of radiomics analysis in breast cancer in order to identify knowledge 

deficiencies to direct curation of radiomic features set and inform subsequent 

investigations. Objective 1 is addressed and covered in Chapter 2. 

 Objective 2 is to explore the association between global mammographic radiomic 

features and the global gist signal and to identify important features that drive the 

signals. Objective 2 is addressed in Chapter 3 of this thesis. 

 Once connection between global radiomic features and global gist signal (objective 2) 

is established, objective 3 is to evaluate the ability of global radiomic features in 

predicting highly difficult normal cases of radiologists of widely varying experience, 

and to recognise if there are most valuable features in describing these cases while 

determining if BI-RADS breast density categories are correlated with difficulty scores 

of these cases. Objective 3 is addressed in Chapter 4. 

 After objective 3 is achieved, objective 4 is to investigate if global mammographic 

radiomic features can also predict greatly difficult normal cases specifically for 

radiology trainees who appear to have limited experience in processing global images 

and interpreting mammograms. It also aims to uncover whether any of these features 

are best in depicting these difficult cases, and if there are any correlations between BI-

RADS breast density and difficulty scores of the cases in this cohort. Objective 4 of the 

thesis is addressed in Chapter 5. 
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1.4 Significance of the thesis 

The outcomes of the thesis are critical in providing better understanding of the global 

mammographic image characteristics that drive radiological errors and difficult normal cases 

when interpreting screening mammographic images. These could be helpful for enhancing and 

generating more predictable and personalised radiology educational mammographic test sets 

for radiologists and particularly radiology trainees who lack adequate experience in global 

image processing and mammography interpretation. The findings may also be valuable for 

clinical mammographic screening programs in offering reliable and effective means of 

objectively measuring the performance of each reader and monitoring the efficacy of the 

screening program over time.  

1.5 Thesis outline 

This thesis contains six chapters and is structured in the following manner: 

 Chapter 1 (current chapter) introduces the thesis by providing a brief background on

the key aspects of the topic, summarises the gaps in the literature, and explains the

objectives and significance of the thesis.

 Chapter 2 provides a detailed literature review and summary of the mammographic

radiomic studies’ findings related to the potential usefulness of mammography-based

(including digital mammography, DBT, and contrast-enhanced mammography)

radiomic features in predicting factors that describe breast cancer characteristics,

recurrence, and survival. This study informs the subsequent investigation and guides

the curation of a set of radiomic features from mammograms.

 Chapter 3 shows the correlations between global radiomic features derived from

mammograms and the global gist signal (i.e., accurately classifying high- from low-gist

images) and identifies important features that drive the strong (high-gist images) from

weak gist (low-gist images) signal.

 Chapter 4 indicates the efficacy of global mammographic radiomic features in

grouping highly difficult- from easy-to-interpret normal cases of overall population of

radiologists including features that are helpful in describing these cases. It also reveals
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whether there is significant difference in difficulty level between low-BD (breast 

density) and high-BD normal cases.   

 Chapter 5 specifically presents the extended analysis of the investigation on the

significance of mammography-based global radiomic features in categorising radiology

trainees’ hardest- vs easiest-to-interpret normal cases with valuable features in

depicting these cases identified. Furthermore, it shows whether breast density (low-

density and high-density) of these two categories cases differ significantly or not.

 Finally, Chapter 6 exhibits the holistic discussion based on the overall findings from

the three original studies (Chapter 3-5) within the thesis including the implications,

limitation, future directions, and conclusion of the thesis.

A bridging section/chapter introduction is included at the beginning of each chapter to show 

the connection between each chapter. Each chapter also concludes with a chapter findings 

section at the end to summarise main discovery of the chapter. Where applicable, each chapter 

has its own list of references. Appendices at the end of this thesis contain conference 

presentations and abstract corresponding to each of the chapter. 
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2.1 Chapter introduction 

Chapter 2 (current chapter) focusses on objective 1 of the thesis (Chapter 1) which is to conduct 

a literature review on the efficiency of radiomics analysis of mammographic images (including 

digital mammography, DBT, and contrast-enhanced mammography) in describing breast 

cancer’s characteristics, recurrence, and survival. The purpose of this review is to identify 

knowledge deficiencies to guide curation of radiomic features set and inform subsequent 

investigation. 

The literature review in this chapter has been published as: 

Siviengphanom, S., Z. Gandomkar, S.J. Lewis, and P.C. Brennan, Mammography-based 

Radiomics in Breast Cancer: A Scoping Review of Current Knowledge and Future Needs. 

Academic Radiology, 2021. 29(8): p. 1228–1247. https://doi.org/10.1016/j.acra.2021.09.025 

Presentations on this paper were made at the following meetings: 

 The University of Sydney, Medical Image Optimisation and Perception Group 

(MIOPeG), Sydney, Australia, April 2022 (Appendix 1.1).  

 The University of Sydney, Faculty of Medicine and Health Higher Degree by Research 

Conference, Sydney, Australia, July 2022 (Appendix 1.1). 

 New South Wales (NSW) Cancer Conference, Sydney, Australia, September 2022 

(Appendix 1.2). 

In addition to the above literature review, a recent literature search has been conducted on 02 

July 2024 to confirm that no studies have been done comparable to this thesis using criteria 

similar to the published review above. Articles with any study design published between 20 

December 2020 and 02 July 2024 were searched through the PubMed database using the 

following keywords: (radiomic and breast cancer) OR (radiomic and breast imaging) OR 

(radiomic and breast mammography) OR (radiomic and breast tomosynthesis) OR (breast 

mammography and texture analysis) OR (breast mammography and quantitative analysis) OR 

(breast tomosynthesis and texture analysis) OR (breast tomosynthesis and quantitative 

analysis). 935 articles were retrieved, and their titles, abstracts and full texts were screened and 
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examined, the search found no new studies published with original knowledge similar to the 

studies in this thesis, indicating this thesis is novel.    
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Rationale and Objectives: Breast cancer is a highly complex heterogeneous disease. Current validated prognostic factors (e.g., histolog-
ical grade, lymph node involvement, receptor status, and proliferation index), as well as multigene tests (e.g., Oncotype DX and PAM50)
are helpful to describe breast cancer characteristics and predict the chance of recurrence risk and survival. Nevertheless, they are invasive
and cannot capture a complete heterogeneity of the entire breast tumor resulting in up to 30% of patients being either over- or under-
treated for breast cancer. Furthermore, multigene testings are time consuming and expensive. Radiomics is emerging as a reliable, accu-
rate, non-invasive, and cost-effective approach of using quantitative image features to classify breast cancer characteristics and predict
patient outcomes. Several recent radiomics reviews have been conducted in breast cancer, however, specific mammography-based
radiomics studies have not been well discussed. This scoping review aims to assess and summarize the current evidence on the potential
usefulness of mammography-based (i.e., digital mammography, digital breast tomosynthesis, and contrast-enhanced mammography)
radiomics in predicting factors that describe breast cancer characteristics, recurrence, and survival.

Materials and Methods: PubMed database and eligible text reference were searched using relevant keywords to identify studies published
between 2015 and December 19, 2020. Studies collected were screened and assessed based on the inclusion and exclusion criteria.

Results: Eighteen eligible studies were included and organized into three main sections: radiomics predicting breast cancer characteris-
tics, radiomics predicting breast cancer recurrence and survival, and radiomics integrating with clinical data. Majority of publications
reported retrospective studies while three studies examined prospective cohorts. Encouraging results were reported, suggesting the
potential clinical value of mammography-based radiomics. Further efforts are required to standardize radiomics approaches and cata-
logue reproducible and relevant mammographic radiomic features. The role of integrating radiomics with other information is discussed.

Conclusion: The potential role of mammography-based radiomics appears promising but more efforts are required to further evaluate its
reliability as a routine clinical tool.

Key Words: Radiomics; mammography; breast cancer; prognostic factors.
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receptor, FOS first order statistics, GLCM gray level co-occurrence matrix, GLRLM gray level run length matrix, HER2 human epidermal
growth factor receptor 2, HR hormone receptor, iDFS invasive disease free survival,MLmachine learning,MLOmediolateral oblique,MRI
magnetic resonance imaging, PR progesterone receptor, ROI region of interest, TILs tumour infiltrating lymphocytes, TN triple negative,
TNBC triple negative breast cancer, TP triple positive, VOI volume of interest
INTRODUCTION
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clinical appearances, treatment responses and survival out-
comes (1,2). The classical factors that describe BC characteris-
tics such as histological grade, lymph node invasion status,
immunohistochemical receptor status, and proliferation index
are well established and considered important clinical features
for predicting the likelihood of recurrence risk, and response
to therapy for patients with BC (3,4). However, these classifi-
cations are limited since they cannot accurately capture a
complete heterogeneity of the entire breast tumor (5), which
cause a substantial number (i.e., 30%) of patients being either
over- or under-treated for BC (6,7). Numerous multigene
tests (e.g., Oncotype DX) have also been developed to better
predict BC outcomes. These genomic assays provide many

http://crossmark.crossref.org/dialog/?doi=10.1016/j.acra.2021.09.025&domain=pdf
mailto:ssiv6387@uni.sydney.edu.au
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benefits in predicting the chance of distant recurrence and the
magnitude of chemotherapy benefit for patients with BC
(3,8,9). Nevertheless, they rely on invasive selective tissue
samples of malignancy obtained through biopsy or surgery,
which is still incapable of capturing comprehensive informa-
tion on the entire tumor (10,11). These assays are also expen-
sive (e.g., oncotype DX costs around AUD$5000) and time
consuming with a several week delay from the time of sample
biopsy or surgery to test results (12-15). There is therefore a
strong claim for the development of an alternative method
that is reliable, accurate, non-invasive, and cost-effective to
better describe BC characteristics and accurately predict the
chance of recurrence and survival.
Radiomics, a growing research interest in extracting and

analysing large number of quantitative features from medical
images converting them into multi-dimensional mineable
data, shows good potential for stratifying BC characteristics
and predicting BC patient outcome variables (16-19). These
data can be used to improve patient management as they
allow an in-depth evaluation of the clinical and pathophysiol-
ogy characteristics of breast tumors (17-22). Radiomics, in a
non-invasive and cost-effective manner, reveals tumor het-
erogeneity and underlying alterations in the tumor histologi-
cal anatomy, that are difficult to quantitatively identify by the
human eye (17,19,21,23). Radiomic features (relating to
tumor size, shape, location, intensity histogram, and texture)
uncover tumor phenotype connected to its genotypic charac-
teristics, which can be used to improve the accuracy of tumor
diagnosis, prognosis, and prediction of recurrence (21,24-26).
A combined set of radiomic features (i.e., radiomic signature
of tumor) therefore can provide a comprehensive tumor
characterization which may be powerful enough to transform
clinical management of BC (17,27-33).
Radiomics methodology, either conventional or deep

learning (DL) techniques, is a complex process and involves
several essential steps - Figure 1. Detailed reviews of the
radiomics process are available in Gillies et al. (17,34), Lee
et al. (16), Tagliafico et al. (27), Lambin et al. (19), Conti
Figure 1. Radiomics workflow. In the conventional radiomics approa
images from single or multiple medical imaging modalities. Next, a region
either manually, semi-, or fully-automatically. Handcrafted radiomic featur
based, are then computed and extracted from the ROI/VOI. The extrac
construct a model to predict outcomes either alone or integrating with add
radiomics, the last four steps after image acquisition (i.e., input data) are au
rithms to extract and learn features from images and produce predictive ou
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et al. (35), van Timmeren et al. (36), Kocak et al. (37), and
Pang et al. (38). Briefly, radiomics have been developed
broadly via conventional or handcrafted features approach
which mainly extracts and selects features from two-dimen-
sional (2D) region of interest (ROI) or three-dimensional
(3D) volume of interest (VOI) after acquiring high-quality
images from single or multiple medical imaging modalities,
and segmenting the lesion. The lesion segmentation step can
be performed either manually by expert radiologists, or oth-
erwise using semi- or fully-automatic feature segmentation
algorithms (i.e., artificial intelligence/AI algorithms such as
conventional machine learning/ML and DL). The ROI/
VOI can include either whole tumor or subregions/subvo-
lumes within the breast tumor.

Extracted handcrafted radiomic features, broadly categorized
into four types: (1) Morphology, (2) First order statistics (FOS), (3)
Texture, and (4) Transformed-based features, are then selected or
grouped and used to construct a model to predict outcomes
either alone or integrating with additional information such as
clinical or genomic data. Although the handcrafted features
methods may use some of the conventional AI algorithms for
some of the tasks (e.g., automatic lesion segmentation and clas-
sification), they generally rely on experts’ predefined features.
In DL radiomics (DLR), however, newer end-to-end techni-
ques are driven by input data (e.g., medical images) which can
fully and automatically segment, extract, select, and learn fea-
tures (i.e., deep features) directly from images themselves, and
perform prediction simultaneously generating predictive out-
comes (i.e., output data) through AI DL algorithms (such as
convolutional neural networks) without a need for any human
involvement (16,17,19,20,27,34-40).

Whilst application of the computer extracted quantitative
features from medical images to detect abnormalities dated
back to around 5 decades ago (39-42), the term radiomics
was introduced for oncology studies in 2012 (17-21,36).
Recent rapid technological advancements especially in the
field of AI applied to image analysis (such as ML and DL algo-
rithms), and availability of large imaging dataset have made
ches, the first step of radiomics process is to acquire high-quality
of interest (ROI) or volume of interest (VOI) is outlined and segmented
es such as morphology, first order statistics, texture, and transform-
ted handcrafted features are then selected or grouped and used to
itional information such as clinical or genomic data. *In deep learning
tomatically performed through artificial intelligence deep learning algo-
tcomes (i.e., output data). (Color version of figure is available online.)
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radiomics analysis more feasible (17-19,37). Radiomics has
been applied to lung and head-and-neck imaging since 2014
and more recently actively applied to breast imaging (43-46).
Whilst radiomics is still at a relatively early stage in BC, it
presents potential for facilitating the advancement towards
cancer personalized medicine (21,35,47). Breast imaging
techniques such as digital mammography (DM), digital breast
tomosynthesis (DBT), and contrast-enhanced mammography
(CEM)/contrast-enhanced spectral mammography (CESM)
have played pivotal role in BC screening, detection, diagno-
sis, and staging (48,49). Although previous studies have
focused on using computer extracted quantitative features
from DM, DBT, and CEM/CESM for BC detection, many
articles dedicated to reviewing recent advances, were mainly
driven by DL-based (50-54) and traditional computer-aided
detection tools relying on handcrafted radiomic features (55-
59). Several recent radiomics reviews have also been con-
ducted in BC (16,24,27,35,60-62) including a recent study
on the role of radiomics in BC risk assessment and a future
BC prediction (63). However, the potential role of radiomic
analysis based on mammography (i.e., DM, DBT, and CEM/
CESM) specifically around predicting BC characteristics, risk
of recurrence, and survival has not been well discussed. This
scoping review paper therefore aims to systematically evaluate
and summarize the current knowledge in this area as well as
identify existing knowledge gaps to highlight and inform
future research needs.
MATERIALS ANDMETHODS

This scoping review was conducted within the guidelines of
the scoping review methodology framework and recommen-
dations, and the Preferred Reporting Items for Systematic
reviews and Meta-Analyses extension for Scoping Reviews
(PRISMA-ScR) Checklist (64-68). Due to a diverse range of
study designs and methods used in the literature of mammog-
raphy-based (i.e., DM, DBT, and CEM/CESM) radiomic
analysis in BC, this scoping review was undertaken to address
this wide study area (67,68).

The focus of this review was to synthesize and summarize
the current evidence on the value of mammography-based (i.
e., DM, DBT, and CEM/CESM) radiomics in predicting BC
characteristics, risk of recurrence, and survival. Articles pub-
lished between January 1, 2015 and December 19, 2020 with
any study design were searched through the PubMed data-
base using the following keywords: (radiomic and breast can-
cer) OR (radiomic and breast imaging) OR (radiomic and
breast mammography) OR (radiomic and breast tomosynthe-
sis) OR (breast mammography and texture analysis) OR
(breast mammography and quantitative analysis) OR (breast
tomosynthesis and texture analysis) OR (breast tomosynthesis
and quantitative analysis). To ensure optimal inclusiveness of
the search strategy, we also searched through eligible text ref-
erence to identify additional relevant cited studies for poten-
tial inclusion that were not identified in our initial search.
1230
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Studies were included if they meet the following inclusion
criteria: (1) application of mammography-based (i.e., DM,
DBT, and CEM/CESM) radiomics to predict BC prognostic
factors that describe, (2) BC characteristics, (3) recurrence,
and (4) survival. Studies were ineligible if they used imaging
modalities other than mammography such as magnetic reso-
nance imaging (MRI), or if they were not purely related to
radiomics and BC classification or prediction specifically,
including radiomics and BC diagnosis in differentiating
malignancy and benign lesions. Indeed, the role of mammo-
graphic radiomics for diagnosis and detection has been well
reviewed elsewhere in Conti et al. (35), Lee et al. (16), Cri-
velli et al. (24), Pang et al. (38), and Tagliafico et al. (27).
Comments, conference proceedings, editorials, non-English
articles, review articles, and case reports were ineligible for
inclusion.

To identify potentially eligible studies, the literature search
was performed by one author (S.S.), and titles and abstracts
screening were performed by two authors (S.S. and Z.G.) in
consensus. Selection of eligibility studies based on the above-
mentioned criteria is presented in Figure 2.

To summarize and compare the study characteristics and
findings, the following relevant data were extracted into an
evidence table from each study (where available): reference
(first author and publication year), study designation, popula-
tion size, type of imaging modality, software used for radio-
mic features extraction, number of radiomic features
extracted, radiomic features class extracted, number of radio-
mics features selected, prediction category, and key findings
the study. Two authors (S.S and Z.G.) analysed and inter-
preted the data in agreement. The data gathered in the evi-
dence table were used to define the main research themes for
this scoping review.
RESULTS

A total of 18 eligible original articles (Figure 2) were included
in this review and a summary of their characteristics, radio-
mics approach implementation, and findings is presented in
Table 1. One study by Tamez-Pe~na et al. (69) examined
radiogenomics, and eight studies focused on combining
radiomics with clinical data - Table 2. The majority of studies
(except La Forgia et al. (29) study design not available) were
of a single institutional (n = 15) retrospective design (n = 14)
using publicly available or institutional image datasets and
small sample size (n = 40 to 394), however there were excep-
tions: Mao et al. (70) reported on a retrospective cohort study
from two hospitals; Tagliafico et al. (71) and Tamez-Pe~na
et al. (69) focused a single institutional prospective study;
Tagliafico et al. (26) described a multi-centred trial study. All
18 studies were based on handcrafted features approaches
using 2D single modality images from DM (n = 11), DBT
(n = 3) and CEM/CESM (n = 4).

Based on the aim of this scoping review, we organized
articles according to the below three main themes. Some lit-
eratures have overlap between two or more categories:



Figure 2. Results of literature search flow diagram. (Color version of figure is available online.)
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� Sixteen articles assessed radiomics ability in predicting BC
characteristics such as histological grade (n = 4), axillary
lymph node metastasis/ALNM (n = 3), invasiveness
(n = 3), receptor status (n = 5), Ki-67 (n = 2), molecular
subtypes (n = 4), tumor infiltrating lymphocytes/TILs
(n = 1) - Table 1;

� Two studies examined the radiomic value in predicting
BC risk of recurrence (n = 1) and survival (n = 1) - Table 1;
and

� Eight studies presented in Table 2 investigated the added
value of radiomics when combined with clinical data in
predicting factors such as histological grade (n = 1),
ALNM (n = 3), invasiveness (n = 1), molecular subtypes
(n = 1), recurrence (n = 1), and survival (n = 1).
Radiomics Predicting Breast Cancer Characteristics

Histological Grade
Significant correlation between a combination of radiomic fea-
tures and BC histological grade has been observed
(29,31,72,73). The prediction accuracies, however, varied
25
from 63% to 100% depending on the radiomic signatures and
feature selection methods used (31,73). In particular, a joint
set of CEM radiomic features primarily based on gray level
co-occurrence matrix (GLCM) with a mutual information
coefficients feature selection method achieved impressive
accuracies of 90% and 100% for differentiating grade 1 from
grade 2 and 3 cancers for invasive cancers and non-invasive
cancers, respectively (31). Conversely, the levels of accuracy
were reduced when different combination of radiomic fea-
tures and feature selection method were employed (31,73).
These findings suggest that the choice of radiomic signature
and feature selection method will drive the success of radio-
mics when predicting histological grade.

In addition, various individual radiomic features also
showed significant correlation with BC grading, indicating
their potential role for tumor grade prediction (29,72). La
Forgia et al. (29) found three individual radiomic features
(variation coefficient, entropy, and relative smoothness - Table 3)
calculated on ROIs of recombined low- and high-energy
CESM images, to be statistically correlated with BC grading
(p value < 0.05 and area under the receiver operating charac-
teristic curve/AUC = 80%). Cui et al. identified ten
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TABLE 1. Summary of Mammography-based Radiomic Research in Breast Cancer Included in this Review

Reference
(author,
year)

Study
Design

Patient
(no.)

Image
Acquisition

Segmentation
Method

Handcrafted
Radiomic
Features
Class
Extracted

Software
Used for
Extraction

Features
Extracted
(no.)

Feature
Selection
Method

Features
Selected
(no.)

Classification
Method

V lidation
M thod

Prediction/
Performances

Findings

Cui et al.
2019 (72)z

R 80 2D DM (CC and
MLO)

Manual FOS, and tex-
ture (GLCM
and GLRLM)

Artificial Intelli-
gence Kit
software

435/image Spearman
correlation
analysis and
LOG

2 LOG I ernal
alidation
ohort

Histological
grade:
0.73 AUC radio-
mics alone
0.84 AUC radio-
mics + clinical
data

Mammography-based
texture analysis
showed great
potential in differen-
tiating phyllodes
tumors Grade 1 from
Grade 2/Grade 3.

Jiang et al.
2020 (28) z

R 200 2D DM (CC and
MLO)

Manual Texture
(GLCM,
NGLDM,
GLRLM, and
GLZLM)

LIFEx v5.10 136/patient LASSO 14 Cox
regression

I ernal
alidation
ohort

Survival:
3.052 Hazard
ratio radiomics
alone
0.94 C-index
radiomics + clin-
ical data

Radiomic nomogram
combining Rad-
score and pN stage
showed favorable
performance in the
prediction of iDFS in
patients with early-
stage TNBCs.

La Forgia
et al. 2020
(29)

N/A 52 2D CESM
(LE and RC)

Manual FOS Matlab 2018a 14/ROI N/A N/A LDA L OCV Histological
grade:
0.80 AUC

Receptor status:
0.84 AUC ER
+/ER-
0.76 AUC PR
+/PR-
0.91 AUC HER2
+/HER2-
0.77 AUC TN/
NTN

Ki-67:
0.85 AUC

CESM-based radiomic
features could satis-
factory and accu-
rately distinguish BC
histological out-
comes and some
molecular subtypes
of tumors.

Li et al. 2019
(75) z

R 362 2D DM (CC and
MLO)*

Manual FOS,
morphology,
texture, and
wavelet

Matlab 2014a 569/patient L1-LOG, L1-
SVM, EN-
LOG,
XGBoost,
and X2

9 SVM-Linear,
SVM-RBF,
L2-LOG,
XGBoost,
GBDT, KNN,
and RF

1 -fold
ross-
alidation

Invasiveness:
0.59 AUC radio-
mics alone
0.72 AUC radio-
mics + clinical
data

The combined predic-
tive model using
radiomic signatures
and clinical imaging
characteristics had
potential in classify-
ing an understaging
of invasive BC.

(continued on next page)
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TABLE 1. (Continued)

Reference
(author,
year)

Study
Design

Patient
(no.)

Image
Acquisition

Segmentation
Method

Handcrafted
Radiomic
Features
Class
Extracted

Software
Used for
Extraction

Features
Extracted
(no.)

Feature
Selection
Method

Features
Selected
(no.)

Classification
Method

Va ation
Me od

Prediction/
Performances

Findings

Ma et al.
2019 (30)

R 331 2D DM (CC and
MLO)

Manual Morphology,
FOS, and
texture
(GLCM)

N/A 39/lesion LASSO 12 Naive Bayes 10 ld
c ss-
v idation

Molecular sub-
types:
0.75 AUC Lumi-
nal A+B
0.78 AUC HER2-
enriched
0.87 AUC TNBC

Digital mammographic
radiomic features
were associated
with BC subtypes.

Mao et al.
2020 (70) z

R (M) 394 2D CESM (LE and
RC)*

Manual FOS, form fac-
tor matrix,
GLCM,
GLSZM,
Haralick
matrix, and
GLRLM

Artificial Intelli-
gence Kit
software

396/image LASSO 5 LASSO, LOG 10 ld cross-
v idation,
i rnal and
e ernal vali-
d tion sets

ALNM:
Radiomics alone
0.74 AUC inter-
nal validation
0.68 AUC exter-
nal validation

Radio-
mics + clinical
data
0.77 AUC inter-
nal validation
0.79 AUC exter-
nal validation

CESM-based radiomic
nomogram (integrat-
ing radiomic signa-
ture and the CESM-
reported lymph
node status)
showed good
potential for non-
invasive preopera-
tive prediction of
ALNM in BC.

Marino et al.
2020 (73)

R 48 2D CEM (LE) and
3D T1W DCE-
MRI

Manual FOS, GLCM,
GLRLM,
absolute
gradient,
autoregres-
sive model,
wavelet, and
lesion
geometry

MaZda N/A Fisher, POE
+ACC, and
MI
coefficient

N/A LDA, KNN with
LOOCV

KN with
L OCV

Histological grade:
64% to 78%
accuracies

Invasiveness:
88% to 92%
accuracies

Receptor status:
87% to 96%
accuracies HR
+/HR-

Radiomic analysis of
both DCE-MRI and
CEM indicated
potential for non-
invasive assessment
of tumor-invasive-
ness, hormone
receptor status, and
tumor grade.

(continued on next page )
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TABLE 1. (Continued)

Reference
(author,
year)

Study
Design

Patient
(no.)

Image
Acquisition

Segmentation
Method

Handcrafted
Radiomic
Features
Class
Extracted

Software
Used for
Extraction

Features
Extracted
(no.)

Feature
Selection
Method

Features
Selected
(no.)

Classification
Method

V lidation
M thod

Prediction/
Performances

Findings

Marino et al.
2019 (31)

R 100 2D CEM (LE) Manual FOS, absolute
gradient,
GLRLM,
GLCM,
autoregres-
sive model,
wavelet, and
lesion
geometry

MaZda 300 in total Fisher, POE
+ACC, and
MI
coefficient

N/A LDA, KNN with
LOOCV

L A, KNN with
OOCV

Histological grade:
63% to 100%
accuracies

Invasiveness:
80% to 87%
accuracies

Receptor status:
74% to 78%
accuracies HR
+/HR-
90% to 97%
accuracies
HER2/HR
81% to 100%
accuracies TN/
TP
79% to 82%
accuracies TN/
HR

CEM-based radiomic
analysis showed
potential for non-
invasive differentia-
tion of BC invasive-
ness, hormone
receptor status, and
tumor grade.

Son et al.
2020 (76) z

R 365 2D Synthetic
mammography
from DBT(CC
and MLO)

Manual FOS, and tex-
ture (GLCM,
GLRLM, and
GLSZM)

Pyradiomics 129 in total Elastic-net 20, 18, 66,
6, 34, 43,
17, 34,
42

Elastic-net I ependent
alidation
ohort

Molecular sub-
types:
Radiomics alone
0.65 AUC Lumi-
nal A+B
0.56 AUC HER2-
enriched
0.84 AUC TNBC

Radio-
mics + clinical
data
0.68 AUC Lumi-
nal A+B
0.58 AUC HER2-
enriched
0.87 AUC TNBC

Radiomic signature
from synthetic mam-
mography recon-
structed from DBT
images showed high
performance in dis-
tinguishing TNBC.

(continued on next page )
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TABLE 1. (Continued)

Reference
(author,
year)

Study
Design

Patient
(no.)

Image
Acquisition

Segmentation
Method

Handcrafted
Radiomic
Features
Class
Extracted

Software
Used for
Extraction

Features
Extracted
(no.)

Feature
Selection
Method

Features
Selected
(no.)

Classification
Method

Va ation
Me od

Prediction/
Performances

Findings

Tagliafico
et al. 2019
(71)

P 70 2D DBT Manual Morphology,
FOS, and
texture

3D Slicer 4.7 106 in total LASSO 5 LASSO N/A Ki-67:
0.65 to 0.70 AUC

Radiomic features
extracted from DBT
images were found
to be associated
with BC Ki-67
expression.

Tagliafico
et al. 2018
(26)

P (M) 40 2D DBT Manual FOS, and tex-
ture (GLCM)

3D Slicer 4.7 104 in total N/A 6 Correlation
analysis and
Univariate
linear
regression

N/A Receptor status:
-0.46 r value

Entropy radiomic fea-
ture derived from
DBT were associ-
ated with ER.

Tamez-Pe~na
et al. 2018
(69) y,z

P 71 2D DM (CC and
MLO)

Manual Morphology,
FOS, and
texture

CiPAS and Kit-
ware, Insight
Toolkit

1078/ROI Bootstrap and
LASSO

13, 71 LASSO Str ent
c ss-
v idation

Recurrence risk:
Radiomics alone
r = 0.83 Oncoty-
peDX
r = 0.78 PAM50

Radio-
mics + clinical
data
N/A

Mammography-based
radiomic features
were correlated to
BC recurrence score
of OncotypeDX and
PAM50.

Tan et al.
2020 (74) z

R 216 2D DM (CC) Manual Morphology,
FOS, texture,
and Gabor

Matlab 2018b 4395/patientANOVA F-
value and
LASSO

12 SVM and LOG Int al valida-
t cohort

ALNM:
Internal valida-
tion
0.862 AUC
radiomics alone
0.863 AUC
radiomics + clin-
ical data

Mammography-based
radiomic nomogram
(incorporating radio-
mic signature and
clinical features)
were helpful in pre-
operative prediction
of ALNM.

(continued on next page)
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TABLE 1. (Continued)

Reference
(author,
year)

Study
Design

Patient
(no.)

Image
Acquisition

Segmentation
Method

Handcrafted
Radiomic
Features
Class
Extracted

Software
Used for
Extraction

Features
Extracted
(no.)

Feature
Selection
Method

Features
Selected
(no.)

Classification
Method

Validation
Method

Prediction/
Performances

Findings

Wang et al.
2020 (78)

R 112 2D DM (CC and
MLO)

Manual FOS, morphol-
ogy, and tex-
ture (GLCM,
GLRLM and
GLSZM)

Artificial Intelli-
gence Kit soft-
ware v3.2.2

396 in total mRMR and
backward
stepwise
LOG
selection

3 Likelihood
ratio test

100 times
cross-
validation

Molecular sub-
types:
0.84 AUC TNBC

Digital mammogra-
phy-based radio-
mics could
discriminate round-
like TNBC from non-
TNBC in invasive
ductal carcinoma.

Yang et al.
2019 (32) z

R 147 2D DM (CC and
MLO)

Semi-automaticFOS, texture
(GLCM),
morphology,
and wavelet

Matlab R2016b 299 in total LASSO 10 Gaussian ker-
nel SVM

Gaussian ker-
nel SVM

ALNM:
Internal valida-
tion
0.88 AUC radio-
mics alone
0.81 AUC radio-
mics + clinical
data

Mammography-based
radiomic nomogram
(combining radiomic
signature with clini-
copathologic and
immunohistochemi-
cal risk factors,
including T stage,
age, tumor location,
ER and PR status,
US ALN status) was
able to non-inva-
sively predict preop-
erative ALN status.

Yu et al.
2020 (79)

R 43 2D DM (CC and
MLO)

Manual Morphology,
FOS, and
texture

Pyradiomics 204 in total Mann-Whitney
U test and
PCC

6 N/A N/A TILs:
p < 0.05

Mammographic radio-
mic features were
found to be useful
for distinguishing
between high and
low TIL levels in
TNBC patients.

Zhang et al.
2019 (77)

R 120 2D DM (CC and
MLO)

Manual Morphology,
FOS, and
texture

Omni-kinetics
software

12/ROI N/A N/A Mann-Whitney
U or t test

N/A Molecular sub-
types:
0.64 to 0.75 AUC
TNBC

Radiomic features
from mammography
may be helpful to
discriminating
TNBC from non-
TNBC.

(continued on next page )
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TABLE 1. (Continued)

Reference
(author,
year)

Study
Design

Patient
(no.)

Image
Acquisition

Segmentation
Method

Handcrafted
Radiomic
Features
Class
Extracted

Software
Used for
Extraction

Features
Extracted
(no.)

Feature
Selection
Method

Features
Selected
(no.)

Classification
Method

Validation
Method

Prediction/
Performances

Findings

Zhou et al.
2019 (33)

R 306 2D DM (CC and
MLO)

Manual FOS, morphol-
ogy, and
texture

N/A 186 in total LASSO 40 SVM and LOG
model

10-fold cross-
validation

Receptor status:
0.79 AUC HER2

Radiomic features
extracted from digi-
tal mammography
showed potential as
an efficient and non-
invasive tool for pre-
operative assess-
ment of HER2 status
in patients with BC.

Abbreviations: ALN, axillary lymph node; ALNM, axillary lymph node metastasis; AUC, area under the receiver operating characteristic curve; BC, breast cancer; CC, craniocaudal; CEM, con-
trast-enhanced mammography; CESM, contrast-enhanced spectral mammography; C-index, concordance index; DBT, digital breast tomosynthesis; DCE-MRI, dynamic contrast-enhanced
magnetic resonance imaging; DM, digital mammography; EN-LOG, elastic net-logistic regression; ER, estrogen receptor; FOS, first order statistics; GBDT, gradient boosting decision tree;
GLCM, gray level co-occurrence matrix; GLRLM, gray level run length matrix; GLSZM, gray level size zone matrix; GLZLM, gray level zone length matrix; HER2, human epidermal growth factor
receptor 2; HR, hormone receptor; iDFS, invasive disease free survival; KNN, k-nearest neighbour; LASSO, least absolute shrinkage and selection operator; LDA, linear discriminant analysis;
LE, low-energy images; LOG, logistic regression; LOOCV, leave-one-out cross-validation; L1-LOG, L1-logistic regression; L1-SVM, L1-support vector machine; L2-LOG, L2-logistic regression;
M, multi-centred; MI, mutual information; MLO, mediolateral oblique; mRMR, maximum correlation minimum redundancy; N/A, not available; NGLDM, neighbourhood gray level difference
matrix; P, prospective; PCC, pearson correlation coefficient; POE + ACC, probability of error and average correlation; PR, progesterone receptor; R, retrospective; RE, recombined low- and
high-energy images; RF, random forest; ROI, region of interest; SVM-Linear, support vector machine with linear kernel; SVM-RBF, support vector machine with radial-based function kernel;
TILs, tumor infiltrating lymphocytes; TN, triple negative; TNBC, triple negative breast cancer; TP, triple positive; US, ultrasound; XGBoost, extreme gradient boosting; X2, Chi-square test.
*Conducted image pre-processing, n = 2.
yRadiogenomics study, n = 1.
zCombining radiomics with clinical data studies, n = 8.
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TABLE 2. Summary of Radiomics with Clinical Data Studies

Prediction Reference
(author, year)

Radiomic Signature
Performance

Radiomics with
Clinical Data
Performance

Difference in
Prediction
Performancez

Outcomes

Histological
grade

Cui et al. 2019 (72) 0.73 AUC 0.84 AUC* 0.11y Integrating mammography-
based texture features with
pre-biopsy clinical features
(size and shape) indicated
improved performance in
discriminating phyllodes
tumors grade 1 from grade
2/3.

Axillary lymph
node
metastasis

Mao et al. 2020 (70)
Internal and exter-
nal validation
0.74 and 0.68
AUC

Internal and exter-
nal validation
0.77* and 0.79*
AUC

Internal and exter-
nal validation
0.02 and 0.11y

CESM-based radiomic nomo-
gram (integrating radiomic
signature and pre-biopsy
CESM-reported lymph
node status) showed
slightly better performance
than radiomic signature
alone in predicting ALNM.

Tan et al. 2020 (74)
Validation cohort
75% sensitivity
77% specificity
76% accuracy
0.862 AUC

Validation cohort
75% sensitivity
81% specificity*
79% accuracy*
0.863 AUC*

0% sensitivity
4% specificity
3% accuracy
0.001 AUC

Mammography-based radio-
mic nomogram (incorporat-
ing radiomic signature and
post-biopsy clinical factors
such as PR and molecular
subtype) was overall more
superior than radiomic sig-
nature alone in predicting
ALNM.

Yang et al. 2019 (32)
Validation cohort
82% sensitivity
80% specificity
80% accuracy*
0.88 AUC/C-
index*

Validation cohort
N/A
N/A
73% accuracy
0.81 AUC/C-
index

N/A
N/A
7% accuracy
0.07 AUC/C-
index

Mammography-based radio-
mic signature alone outper-
formed radiomic nomogram
(combining radiomic signa-
ture with post-biopsy clini-
copathologic and
immunohistochemical risk
factors, including T stage,
age, tumor location, ER and
PR status, US ALN status)
in predicting ALN status.

Invasiveness
Li et al. 2019 (75)

0.59 AUC 0.72 AUC* 0.13y Prediction model using both
mammographic radiomics
(62 features) and clinical
imaging characteristics (3
pre-biopsy features: age,
asymmetry or mass preva-
lence, and breast density,
and 1 post-biopsy feature:
nuclear grade) performed
better than radiomic signa-
ture alone.

Molecular
subtypes Son et al. 2020 (76)

Validation cohort
AUC
0.65 Luminal vs.
non-luminal
0.56 HER2 vs.
non-HER2

Validation cohort
AUC
0.68 Luminal vs.
non-luminal*
0.58 HER2 vs.
non-HER2*

0.03
0.02
0.03

Combining radiomic signa-
ture from synthetic mam-
mography from DBT and
pre-biopsy clinical features
(patient age, tumor size and
qualitative imaging findings)

(continued)
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TABLE 2. (Continued)

Prediction Reference
(author, year)

Radiomic Signature
Performance

Radiomics with
Clinical Data
Performance

Difference in
Prediction
Performancez

Outcomes

0.84 TN vs.
non-TN

0.87 TN vs.
non-TN*

showed higher AUC than
radiomic signature alone.

Recurrence Tamez-Pe~na et al.
2018 (69)

OncotypeDX
(r = 0.83)

PAM50 (r = 0.78)

N/A N/A The prediction models were
improved when combining
mammographic radiomics
and post-biopsy clinical
data (triple negative status
and PR).

Survival Jiang et al. 2020 (28) Hazard Ratio
3.052

p < 0.001

Validation
0.94 C-index

N/A Radiomic nomogram com-
bining mammographic
radiomic signature and
post-biopsy pN stage
achieved C-index of 0.94 in
the validation cohort.

Abbreviations: ALN, axillary lymph node; ALNM, axillary lymph node metastasis; AUC, area under the receiver operating characteristic curve;
CESM, contrast-enhanced spectral mammography; C-index, concordance index; DBT, digital breast tomosynthesis; ER, estrogen receptor;
N/A, not available; PR, progesterone receptor; US, ultrasound.
*Greater performance.
ySignificant improvement in performance.
zDifference in prediction performance between radiomic signature and radiomics with clinical data.

Academic Radiology, Vol 29, No 8, August 2022 MAMMOGRAPHY-BASED RADIOMICS IN BREAST CANCER
important DM-based texture features indicating significant
differences in grading phyllodes tumors (PTs), with two par-
ticular features related to GLCM correlation and cluster promi-
nence (Table 3) being independent factors in distinguishing
PTs grade 1 from grade 2 or 3 (p value < 0.05 and
AUC = 73%) (72).

Lymph Node Status
Axillary lymph node metastasis.—Breast-based radiomic signa-
ture for predicting ALNM have demonstrated favorable
results of up to 0.88 AUC, 80% accuracy, 82% sensitivity and
80% specificity (32,70,74). Notably, a radiomic signature
based on a group of 10 selected features (1 FOS and 9 wavelet
features) extracted from both craniocaudal (CC) and medio-
lateral oblique (MLO) view of mammograms indicated better
ALNM prediction performance (AUC of 0.88 in the valida-
tion cohort) (32) than radiomic signatures from CC view
alone (AUC of 0.86) (74) or from low-energy and recom-
bined low- and high-energy CESM images (AUCs of 0.74
internal and 0.68 external validation) (70). However, whilst
mammogram-based radiomic signatures (32,74) demon-
strated greater ALN status predictive ability than CESM-
based radiomic signature (70), the studies (32,74) were based
on a single institution data with no external validation con-
ducted unlike the CESM study (70).
Although all the above studies (32,70,74) applied least

absolute shrinkage and selection operator logistic regression
method to select significant ALNM related radiomic features,
their ROI segmentation methods were different; highlighting
that semi-automatic segmentation approach performed in the
mammographic work of Yang et al. (32) may be more useful
33
than manual segmentation (70,74) and could enhance the
ability of radiomic signature in ALNM prediction in patients
with BC.
Invasiveness.—Radiomic analysis has also shown its ability to
predict BC invasiveness (31,73,75). However, current find-
ings (31,73,75) demonstrate high dependency on the modal-
ity or approach used: CEM-based radiomic signature from
combining GLCM and FOS features, or GLCM alone was
able to differentiate BC invasiveness with high accuracies of
87% and 92% respectively (31,73), whereas the classification
performance of DM-based radiomic signature from a collec-
tive group of morphology and FOS features, was found to be
less satisfactory (AUC of 59%) (75). More precisely, the
CEM-based radiomic signature using a group of GLCM fea-
tures (73) manifested superior outcome (accuracy of 92%)
compared to CEM-based radiomic signature using the com-
bined features from GLCM and FOS (accuracy of 87%) (31).
These findings suggest that these group of GLCM features
contained within CEM images may be more valuable than
other approaches or image types (31,75) in the prediction of
BC invasiveness. It is important to note however that these
findings arising from Marino et al. study (73) are still prelimi-
nary since a smaller sample size (48 patients) than the other
studies (100 and 362 patients) (31,75) was employed.

It is interesting to explore why the mammographic results
were relatively disappointing. In the mammographic work by
Li et al. (75), the number of invasive cancer case (n = 110)
was less than the non-invasive cancers (n = 252) while the
numbers of invasive cancers case (n = 45 and 91) were more
1239



TABLE 3. List of Radiomic Features Cited in this Review

Radiomic Feature
Name

Feature Class Prediction Description

Cluster prominence
(72)

Texture Histological grade Measuring asymmetry of a given distribution. High
values represent more asymmetry of the image
while low values indicate a small peak for the
image gray level value and less gray level variation.

Concavity (30) Morphology Molecular subtype Reflecting the irregularity degree of a lesion bound-
ary/shape; the smaller the concavity value, the
more regular the shape of the tumor is.

Entropy (26,29) First order statistics Histological grade,
receptor status (ER),
Ki-67

Describing the randomness in the gray level distribu-
tion of the image.

GLCM autocorrela-
tion (79)

Texture TILs Measuring the degree of texture fineness and
coarseness of texture.

GLCM correlation
(30,72,79)

Texture Histological grade,
molecular subtype,
TILs

Measuring the similarity or linear dependency of the
gray level values to their corresponding pixels/vox-
els in the GLCM; representing the smoothing gradi-
ent of pattern in quantitative image with a larger
value indicating a smoother pattern.

GLDM low gray
level emphasis
(79)

Texture TILs GLDM quantifies gray level dependencies in an
image. GLDM low gray level emphasis measures
the distribution of low gray level values, with higher
value showing greater concentration of low gray
values in the image, which represents the bright-
ness in the mammographic image.

Gray mean (30) First order statistics Molecular subtype Representing brightness of a lesion in the image; the
larger the gray mean value, the brighter the lesion
is in the image.

NGTDM contrast
(79)

Texture TILs NGTDM quantifies the differences between a pixel/
voxel gray value and the mean gray value of its
neighbours within a predefined distance. NGTDM
contrast measures the spatial intensity change
dependent on the overall gray level dynamic range.

Relative smooth-
ness (29)

First order statistics Histological grade,
receptor status
(HER2), Ki-67

Describing the sharpness of the histogram of the
image.

Roundness (30) Morphology Molecular subtype Representing shape of a lesion; the larger the round-
ness value, the rounder the lesion is.

Skewness (29) First order statistics Receptor status (PR) Describing the asymmetry of the histogram of the
image.

Uniformity (79) First order statistics TILs Measuring the sum of squares of each intensity
value, which reflects the regularity of the image
array, where a greater uniformity implies a greater
consistency or a smaller range of discrete intensity
values.

Variance (79) First order statistics TILs Representing the mean of the squared distances of
each intensity value from the mean value, which is
a measure of the mean distribution.

Variation coeffi-
cient (29)

First order statistics Histological grade,
receptor status (ER),
Ki-67

Describing the variability of the gray level
distribution.

Variation range (29) First order statistics Receptor status (ER),
Ki-67

Describing the difference of maximum and minimum
of gray level values.

Abbreviations: ER, estrogen receptor; GLCM, gray level co-occurrence matrix; GLDM, gray level dependence matrix; NGTDM, neighbour-
hood gray tone difference matrix; PR, progesterone receptor; TILs, tumor infiltrating lymphocytes.
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than the non-invasive cancers (n = 4 and 12) in Marino et al.
(31,73). Also, both mass and asymmetry cases with calcifica-
tion lesions were included in Li et al. (75) but excluded in the
CEM studies of Marino et al. (31,73). The results suggest that
these particular features may provide limited relevant lesion
characteristics. However, one cannot rule out methodological
factors: due to the small sample size of invasive cancers
(n = 110) of the single retrospective study of Li et al. (75).
The radiomic analyses in the above studies were not con-

sistent (31,73,75). Computer-based image pre-processing
method of correcting intensity and filtering noise on the
mammographic images was performed by Li et al. (75) but
not on the CEM images by Marino et al. (31,73). Although
segmentation method of ROI was conducted manually by
expert radiologists in all studies (31,73,75), radiomic feature
selection and classification methods were contrasting. Feature
selection such as mutual information coefficients and fisher,
and classification method such as linear discriminant analysis
and k-nearest neighbour classification were used by Marino
et al. (31,73). However, ML cross combinations approach of
feature selection (e.g., L1-support vector machine) and classi-
fication (e.g., random forest classifier) were employed by Li
et al. (75). This further emphasises that varying techniques
such as feature selection or the ML and classification
approach, substantially effects predictive abilities (31,73,75).
Receptor Status
The effectiveness of breast-based radiomic analysis for predict-
ing receptor status has yielded impressive results (96% accuracy
for hormone receptor/HR, 91% AUC for human epidermal
growth factor receptor 2/HER2, 97% accuracy for HER2/
HR, 100% accuracy for triple negative/TN) (26,29,31,33,73).
When predicting HR, HER2, HER2/HR and TN expression
specifically, radiomic features extracted from CEM images
(31,73) and CESM images (29) were able to accurately differen-
tiate HR+ from HR- (accuracy 96%) (73), HER2+ from
HER2- (AUC of 91%) (29), HER2+/HR- from HER2-/HR
+ (accuracy of 97%) (31), and TN from triple positive/TP
(accuracy of 100%) (31), respectively. More precisely, in dis-
criminating between different HR expressions, Marino et al.
showed that CEM-based radiomics using gray level run length
matrix (GLRLM) features demonstrated greater prediction per-
formance (accuracy of 96% for HR+ vs. HR-) (73), than other
combinations of radiomic features based on CEM (accuracies
74% to 91% HR+ vs. HR-) (31,73) or CESM images (AUCs
of 84% estrogen receptor positive/ER+ vs. ER-, and 76% pro-
gesterone receptor positive/PR+ vs. PR-) (29). La Forgia et al.
using CESM images (29) and Tagliafico et al. using DBT
images (26) also indicated significant relationships between
CESM-based radiomic features (i.e., variation coefficient and varia-
tion range) and DBT-based radiomic feature (i.e., entropy) with
ER (AUC of 84% (29), r value = -0.46 (26)), as well as rela-
tionships between CESM-based radiomic feature (i.e., skewness)
and PR status (AUC of 76%) (29) � Table 3. Nevertheless, the
discriminative ability in the CESM study by La Forgia et al. as
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mentioned above was less promising (AUCs of 84% ER+ vs.
ER-, and 76% PR+ vs. PR-) (29) than the accuracy of 96%
using CEM-based radiomic features derived from GLRLM in
the relatively small study of Marino et al. (73).

In terms of specifically discriminating HER2+ from HER2-
, radiomic features extracted from CESM images by La Forgia
et al. (AUC of 91%) (29) outperformed radiomic features from
both CC and MLO views of mammograms as described by
Zhou et al. (AUC of 79%) (33). Notably, the relative smoothness
(Table 3) radiomic feature derived from low-energy CESM
was discovered to be significantly correlated to HER2 (p value
< 0.05) (29), whereas no radiomic features from recombined
low- and high-energy of CESM (29) or from DBT images
studied by Tagliafico et al. (26) were found to be associated
with HER2. It should be acknowledged that the outcomes
presented by the CESM work of La Forgia et al. (29), are only
based on the initial results of an observational retrospective
study involving only 52 individuals and 68 lesions in contrast
to the larger work of Zhou et al. (n = 306) (33), and the
multi-centred trial of Tagliafico et al. (26).

With regard to the classification of multifaceted BC recep-
tors (i.e., HER2/HR combinations) or TN, CEM-based
radiomic features presented by Marino et al. performed well
(31). Specifically, CEM-based radiomics with combined set
of GLRLM and wavelet features, and set of GLCM, wavelet,
and FOS features were able to separate HER2+/HR- from
HER2-/HR+ with an accuracy of 97%, and TN from TP
with an accuracy of 100%, respectively (31). These predictive
powers were better than other radiomic features combina-
tions based on CEM (accuracies of 90% to 96% HER2
+/HR- vs. HER2-/HR+, 79% to 82% TN vs. HR+, and
81% to 88% TN vs. TP) (31) or CESM images (AUC of 77%
TN vs. non TN) (29). However, the preliminary findings of
the CEM single institution study of Marino et al. (31) are yet
again limited by fairly small number of patients (n = 100) and
cancer cases (n = 4 for HER2+/HR- and n = 16 for TN).
Ki-67 Proliferation Status
Significant association between quantitative radiomic features
of mammography (such as CESM and DBT) and Ki-67 pro-
liferation status has been illustrated (29,71). Specifically,
when differentiating Ki-67+ from Ki-67-, CESM-based
radiomic features identified by La Forgia et al. (29) yielded
greater prediction performance of 85% AUC, than DBT-
based radiomic features presented by Tagliafico et al. (AUCs
65% to 70%, low vs. high Ki-67) (71). More explicitly, four
FOS radiomic features derived from recombined low- and
high-energy of CESM: variation coefficient, variation range,
entropy, and relative smoothness � Table 3, were observed to
have substantial relationships with the proliferation activity of
Ki-67 (p < 0.05), while no radiomic features from CESM
low-energy images were significantly related to Ki-67 (29).
Despite the fact that five DBT-based radiomic features
including two FOS features were shown to be significant in
the classification of Ki-67 by Tagliafico et al. (p � 0.001)
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(71), their aforementioned prognostic abilities were less
encouraging than those identified by La Forgia et al. (29).
Molecular Subtypes
When characterizing BC molecular subtypes of luminal (A
and B), HER2-enriched, and triple negative breast cancer
(TNBC), radiomic features derived from both CC and MLO
views of digital mammograms described by Ma and col-
leagues demonstrated an ability to distinguish luminal from
non-luminal, HER2-enriched from non-HER2-enriched,
and TNBC from non-TNBC subtypes, with statistically sig-
nificant AUC values of 75%, 78% and 87%, respectively (30).
These achievements were greater than the results described in
the radiomics studies of Son et al. (76), Zhang et al. (77), and
Wang et al. (78) which focused on synthetic mammography
(SM) constructed from DBT (AUCs of 65%, 56%, and 84%
for luminal vs. non-luminal, HER2-enriched vs. non-
HER2-enriched, and TNBC vs. non-TNBC, correspond-
ingly (76)), and DM (AUCs of 64% to 75% (77), and 84%
(78) for TNBC vs. non-TNBC), respectively. Importantly,
four mammographic radiomic features were shown to be par-
ticularly useful by Ma et al. (30): roundness and concavity of
morphology; gray mean of FOS from MLO view; and GLCM
correlation of texture feature from CC view images � Table 3.
TNBCs appear for example to be rounder (roundness) and
more regular (concavity) in shape, and have higher brightness
(gray mean) on x-ray images than other subtypes whilst lumi-
nal lesions may have smoother gradient of texture pattern
(GLCM correlation) than HER2-enriched and TNBCs. Inter-
estingly, although texture features had added value to the
prediction of molecular subtypes in Ma et al. (30), Son et al.
(76) and Wang et al. (78), no texture feature was found to be
helpful when distinguishing between TNBC and non-
TNBC in the work of Zhang et al. (77).

Whilst similar overall observations and associations
between radiomic features and molecular subtypes were
reported in the SM study of Son et al. (76) and the mammo-
graphic study of Zhang et al. (77) and Wang et al. (78) (as
described above), their aforementioned predictive values (76-
78) were lower than those described by Ma et al. (30). It
must be acknowledged however that unlike the larger SM
analysis of Son et al. (n = 365) (76), no independent valida-
tion was carried out in the smaller single institutional/vendor
mammographic studies of Ma et al. (n = 331) (30), Zhang
et al. (n = 120) (77) and Wang et al. (n = 112) (78).

When examining possible reasons behind somewhat inade-
quate results of luminal and HER2-enriched in the SM study
by Son et al., it is fascinating to note that these results are
despite the fact that larger numbers of selected radiomic fea-
tures were included for the prediction of luminal (n = 66) and
HER2-enriched (n = 18) (76), comparing to only 12 selected
radiomic features used in the mammographic work of Ma
et al. (30). Furthermore, due to the widely known morpho-
logic traits of architectural distortion (i.e., mammographically
non-visible masses) and microcalcifications of luminal and
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HER2-enriched subtypes, even the large numbers of selected
radiomic features in Son et al. (76) may not provide the com-
plete representative of these subtypes characteristics. It is clear
therefore that a comprehensive library of relevant radiomic fea-
tures tailored to cancer subtypes is needed if we are to under-
stand which are the best predictive features.
Tumor Infiltrating Lymphocytes
Using radiomic approaches, a mammographic study by Yu
et al. (79) based on CC and MLO views of digital mam-
mograms was able to identify six mammographic features
that could differentiate high and low TIL levels (p <

0.05): two FOS (variance from CC and uniformity from
MLO) and four texture features (GLCM autocorrelation,
GLDM low gray level emphasis from CC, GLCM correlation
and NGTDM contrast from MLO views) - Table 3. How-
ever, it has to be noted that this is the only radiomic
study to date on TILs which involved only 43 TNBC
patients from single institution.
Radiomics Predicting Breast Cancer Risk of Recurrence
and Survival

Gene expression biomarker of breast tumors has become a
new paradigm for predicting BC risk of recurrence
(12,80,81). However, a radiogenomics approach (predicting
gene expression from radiomics) may have value with radio-
mic signatures based on both CC and MLO views of digital
mammograms being significantly associated with two popular
BC multigene assays recurrence scores: OncotypeDX (Pear-
son r = 0.83) and PAM50 (r = 0.78) (69), suggesting that
radiomic features may be able to predict BC recurrence. Pre-
cisely, features derived from fractals and wavelets were of par-
ticular usefulness. Nevertheless, it should be acknowledged
that the work to date is based on one study with one vendor’s
images of 71 cancer patients.

With reference to invasive disease free survival (iDFS) of
early stage TNBC patients, DM derived radiomic texture fea-
tures (e.g., GLCM and GLRLM) from both CC and MLO
views were shown to have substantial relationships with iDFS
in TNBC patients (28). This result implies that mammo-
graphic texture features were able to independently predict
iDFS and identify patients with increased risk of having poor
survival outcomes/iDFS. However, again these data rise from
only a single study.
Radiomics Integrating with Clinical Data

Finally, it is important to consider if integrating clinical data
with radiomics could add value when predicting factors such
as histological grade, ALNM, invasiveness, molecular sub-
types, recurrence, and survival (28,32,69,70,72,74-76) -
Table 2. So far, some improvements have been shown when
compared to radiomic analysis alone, with significant
improvements in AUCs of 11% for predicting histological



Figure 3. Performance improvements of radiomics with clinical data studies compared to radiomics alone. When integrating radio-
mics with clinical data, three studies show significant improvements of 11% in AUC for predicting histological grade (72) and axillary lymph
node metastasis (70), and 13% in AUC for predicting cancer invasiveness (75), compared to radiomic signature alone. AUC = area under the
receiver operating characteristic curve. (Color version of figure is available online.)
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grade (combining DM-based radiomics with pre-biopsy
tumor size and shape data) (72) and ALNM (incorporating
CESM-based radiomics with pre-biopsy CESM-reported
lymph node/LN status) (70), as well as 13% AUC improve-
ment for predicting cancer invasiveness (DM-based radiomics
integrating with pre-biopsy features: age, asymmetry/mass
prevalence, and breast density, and post-biopsy: nuclear
grade) (75) - Figure 3. However, due to the limited works
and results available in these areas and the lack of consistency
in the performance metrics used in some studies, firm conclu-
sions at this time are difficulty to reach.
DISCUSSION

In this scoping review, 18 published studies between January
1, 2015 and December 19, 2020 were identified as evidence
for evaluating the potential role of mammography-based (i.
e., DM, DBT, and CEM/CESM) radiomic analysis in pre-
dicting BC characteristics, recurrence, and survival. Studies
have shown that radiomics analysis based on combinations of
or single radiomics features contained within mammographic
images has large potential for reliable, accurate, non-invasive,
and cost-effective assessment of BC characteristics (histologi-
cal grade, ALNM, invasiveness, receptor status, Ki-67 prolif-
eration status, molecular subtypes, and TILs) as well as
predicting recurrence and survival. The vast majority of the
current evidence focuses on describing various features of BC
(n = 16) rather than predicting outcomes (n = 2). In particu-
lar, radiomic features from CEM/CESM generally seem to
be more useful than those from DM and DBT in predicting
histological grade, invasiveness, receptor status, and Ki-67,
while radiomics features from DM appear to be better in
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predicting ALNM and molecular subtypes. Interestingly,
although DBT may be superior to DM in invasive breast
lesion detection and may be adapted to replace DM in
screening and diagnosis (49,62,82,83), its ability in radiomics
analysis remains a key question that needs further investiga-
tion as DBT radiomics work to date is scarce with only three
studies (26,71,76) available in this review.

Additionally, whilst the above BC factors may be known
at the time of diagnosis through histopathological assess-
ment of breast tissue, due to the heterogeneity nature of
BC, the current method of biopsy tissue sampling is inva-
sive/expensive and incapable of capturing complete infor-
mation on the whole breast tumor. Radiomics, however,
in a non-invasive and cost-effective way, can quantitatively
extract these features directly from clinical medical images
capturing the entire tumor heterogeneity and genotypic
characteristics which can be used to enhance the accuracy
of BC diagnosis, prognosis, and prediction. The potential
value and capability of radiomics as alternative means for
non-invasive and cost-effective assessment of BC have
been shown by the studies in this review and many other
reviews (16,24,35,38,62), specifically on its potential role
around predicting factors that describe BC characteristics as
well as recurrence and survival as mentioned above. Some
key values of radiomics include, the possibility of serving as
a non-invasive and effective biomarker for preoperative
prediction of ALNM (32,74) and tumor invasiveness
(31,73), detecting aggressive cancer early such as TNBC
(30,76), and predicting therapeutic effect (69) and patients
survival outcomes (28) which are essential for guiding ther-
apy decisions including eliminating unnecessary surgery
and/or biopsy.
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To date, however, all published studies in this review only
analysed handcrafted features and the efficacy of these features
depends greatly on image acquisition, segmentation, features
selection and classification methods. Thus, there are no uni-
form algorithms for handcrafted feature extraction used for
analysis of various breast lesion characteristics such as architec-
tural distortions, masses, asymmetries and calcifications poten-
tially leading to different conclusions (75,76) - Table 1. In this
regard, more research efforts are needed to attain a level of
standardization and validation before adapting radiomics into
clinical practice. Furthermore, the usefulness of mammo-
graphic deep radiomic features in describing BC characteris-
tics, as well as predicting survival and recurrence has not yet
been examined by the studies and needs to be explored in
further research. DLR have become popular and emerged as
a promising approach because of its advanced ability to auto-
matically learn to extract the relevant predictive features and
predict outcomes directly from images via deep neural net-
works, with no experts intervention required unlike the
handcrafted features radiomics (84). Although DLR faces
some major challenges such as the imbalanced nature of typi-
cal medical imaging datasets (e.g., less cancer and more nor-
mal cases) limiting its predictive efficacy, as well as
interpretability issues due to the complex nature of deep neu-
ral networks (38,85), some recent studies have shown promis-
ing DLR performances around its ability to improve
predictive performances when combined with handcrafted or
clinical features (53,86-92).

In this review, further added value has also been observed
when integrating mammographic radiomics with clinical data
(e.g., pre-biopsy features: tumor size, shape, CESM-reported
LN status, age, asymmetry/mass prevalence, breast density, and
post-biopsy: nuclear grade) in predicting histological grade,
ALNM, invasiveness, molecular subtypes, recurrence, and sur-
vival - Table 2 and Figure 3. However, more work is necessary
as so far there are only a few published studies in this area.
Moreover, almost all studies only evaluated single 2D modality
images and did not incorporate features from 3D images, dif-
ferent imaging modalities or other omics data such as genomics
(i.e., radiogenomics, or multi-omics analysis) - Table 1. Those
studies that had a multifaceted focus, demonstrated the value
of 3D (93-95), multiparametric (90,95,96) and multimodality
images (97-100), radiogenomics (22,62,101) and multi-omics
(102-104) in radiomics analysis to increase predictive accuracy.
BC is a temporal and spatial complex genetic disease connect-
ing to different levels of molecules and its management often
involves various imaging types and/or genetic assays. In fact, in
the era of radiomics in precision medicine, integrating radio-
mics with other features/data is believed to be a crucial direc-
tion for future studies which could increase the possibility for
better disease management including tailored treatment strate-
gies and improved patient outcomes.

When comparing the use of radiomics in mammography to
other imaging modalities such as breast MRI, although both
modalities have played vital roles in BC screening, detection,
diagnosis and staging, the majority of BC radiomics works to
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date has been predominantly in MRI (16). MRI may have
higher sensitivity compared to mammography when assessing
breast disease extent, it is however not able to detect calcifica-
tions nor easily accessible for all patients due to its high cost
and time consuming process, unlike DM and DBT. When
predicting ALNM, for example, mammographic radiomics
studies (32,70,74) in our review have exhibited reasonably
good results (up to 0.88 AUC) compared to MRI radiomics
studies (up to 0.91 AUC) in a review by Ye et al. (60). More-
over, CEM/CESM as cutting edge technologies at lower cost
and shorter procedure time than MRI, have been reported to
be comparable to MRI (105,106). Recent radiomics study has
also revealed similar to higher diagnostic accuracies between
radiomics analysis of CEM and dynamic contrast-enhanced
MRI (DCE-MRI) in examining BC invasiveness (accuracies
CEM 92% vs. DCE-MRI 90%), hormone receptor status
(accuracies CEM 96% vs. DCE-MRI 83%), and tumor grade
(accuracies CEM 78% vs. DCE-MRI 78%) (73) indicating
potential role of CEM radiomics as accessible prognostic factor
for BC management complementary to MRI. Therefore, if
radiomics analysis can be performed on more routinely accessi-
ble DM, DBT, or more cost- and time-efficient CEM (com-
pare to MRI), it would be of clinical value and the evidence in
this review has shown the feasibilities.

Our scoping review has some limitations. First, the findings
were mostly retrospective and preliminary based on small
sample size from single institution or images from single ven-
dor with no external validation (n = 17). The small sample
size and lack of multi-centre comparison also limits the prog-
nostic accuracy and generalizability of the results. Second,
there was a paucity of papers on issues such as TILs, recur-
rence, and survival. Therefore, more and larger prospective
multi-institutional studies are required, using images from a
variety of vendors. These should be followed by external vali-
dation to not only confirm some of the very exciting initial
results, but also to provide a more comprehensive under-
standing of radiomic effectiveness. Lastly, radiomic
approaches used in the studies varied widely making compari-
sons between studies or performing meta-analyses difficult,
highlighting the need for approach standardization.

In conclusion, our scoping review demonstrates promis-
ing early results, indicating a potential clinical role of
applying radiomic analysis to mammography (i.e., DM,
DBT, CEM/CESM) when describing BC characteristics
as well as predicting recurrence and survival. Nonetheless,
more efforts are required to address the aforementioned
challenges and knowledge gaps, and further evaluate its
reliability as a routine clinical tool. The role of integrating
radiomics with other information is also highlighted as an
important future direction and more research in this area
is required.
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2.9 Chapter findings 

The findings from this literature review (Chapter 2) revealed a potential role of mammography-

based local radiomics analysis in describing breast cancer characteristics and predicting patient 

outcomes. Radiomic features such as Gray Level Co-Occurrence Matrix (GLCM) and First 

Order Statistics (FOS) were discovered to be the frequently used features for describing the 

mammographic characteristics. Studies found in the literature searches (including additional 

search conducted on 02 July 2024, as per section 2.1) also uncovered a scarcity of research on 

using mammographic features derived from global radiomics analysis in predicting global gist 

signals and difficult normal cases of radiologists and radiology trainees.  
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3.1 Chapter introduction 

From the knowledge deficiencies and the objective 2 described in the introduction (Chapter 1) 

as well as the findings from the literature review (Chapter 2), it was identified that there was a 

potential value of using local radiomics analysis in describing mammographic appearances. 

However, limited studies (based on the literature searches) had been conducted using global 

mammographic radiomic features to explain the characteristics of the global gist signal which 

are imperative for radiologists’ mammogram interpretation and skill development relating to 

challenging cancer cases and diagnostic errors. The literature review also showed that radiomic 

features such as texture-based GLCM and FOS were commonly used for describing breast 

cancer’s characteristics, recurrence, and survival. Following these findings, this chapter 

(Chapter 3) therefore looks at whether a set of global radiomic features from mammograms 

involving GLCM and FOS features can predict the global gist signal (i.e., differentiating high-

gist when readers detect a very strong gist from low-gist images when the gist of abnormal was 

not/poorly perceived). Important features that drive the signals are also explored. 

The first original research study in this chapter has been published as: 

Siviengphanom, S., S.J. Lewis, P.C. Brennan, and Z. Gandomkar, Computer-extracted global 

radiomic features can predict the radiologists’ first impression about the abnormality of a 

screening mammogram. British Journal of Radiology, 2024. 97: p. 168–179. 

https://doi.org/10.1093/bjr/tqad025 

Conference proceeding/presentation based on a smaller dataset related to the above study has 

been published as/presented at: 

 Siviengphanom, S., S.J. Lewis, P.C. Brennan, Z. Gandomkar. Predicting the gist of 

breast cancer on a screening mammogram using global radiomic features. in SPIE 

Medical Imaging 2024: Image Perception, Observer Performance, and Technology 

Assessment. 2024. San Diego, California, United States: SPIE. 

https://doi.org/10.1117/12.3005470 (Appendix 1.3).  

 SPIE Medical Imaging Conference 2024, San Diego, CA, United States, February 2024 

(Appendix 1.4).  
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Abstract
Objective: Radiologists can detect the gist of abnormal based on their rapid initial impression on a mammogram (ie, global gist signal [GGS]).
This study explores (1) whether global radiomic (ie, computer-extracted) features can predict the GGS; and if so, (ii) what features are the most
important drivers of the signals.

Methods: The GGS of cases in two extreme conditions was considered: when observers detect a very strong gist (high-gist) and when the gist
of abnormal was not/poorly perceived (low-gist). Gist signals/scores from 13 observers reading 4191 craniocaudal mammograms were
collected. As gist is a noisy signal, the gist scores from all observers were averaged and assigned to each image. The high-gist and low-gist cate-
gories contained all images in the fourth and first quartiles, respectively. One hundred thirty handcrafted global radiomic features (GRFs) per
mammogram were extracted and utilized to construct eight separate machine learning random forest classifiers (All, Normal, Cancer, Prior-1,
Prior-2, Missed, Prior-Visible, and Prior-Invisible) for characterizing high-gist from low-gist images. The models were trained and validated using
the 10-fold cross-validation approach. The models’ performances were evaluated by the area under receiver operating characteristic curve
(AUC). Important features for each model were identified through a scree test.

Results: The Prior-Visible model achieved the highest AUC of 0.84 followed by the Prior-Invisible (0.83), Normal (0.82), Prior-1 (0.81), All (0.79),
Prior-2 (0.77), Missed (0.75), and Cancer model (0.69). Cluster shade, standard deviation, skewness, kurtosis, and range were identified to be
the most important features.

Conclusions: Our findings suggest that GRFs can accurately classify high- from low-gist images.

Advances in knowledge: Global mammographic radiomic features can accurately predict high- from low-gist images with five features
identified to be valuable in describing high-gist images. These are critical in providing better understanding of the mammographic image charac-
teristics that drive the strength of the GGSs which could be exploited to advance breast cancer (BC) screening and risk prediction, enabling early
detection and treatment of BC thereby further reducing BC-related deaths.

Keywords: radiomics; screening mammograms; gist; breast cancer; machine learning; global radiomic features; current mammograms; prior mammograms.

Introduction
Clinicians such as radiologists, the experts in the interpretation
of medical images, often report that they have an initial im-
pression about an abnormality of a medical image or its “gist”
after momentarily glancing at an image. Several observer stud-
ies provided evidence suggesting that in less than a half-
second, radiologists are capable of distinguishing abnormal
mammograms1 or chest X-rays from the normal ones.2 A
study focusing on mammographic images indicated that radi-
ologists can distinguish abnormal from normal mammograms,
containing no obvious localized sign of cancer, contralateral to
the malignancies.3 It was also shown that based on a half-
second image presentation, the gist of the abnormal can be
detected in prior normal breast images belonging to women
who were later diagnosed with breast cancer (BC) (ie, missed
cancers based on prior images from a previous screening
round).4-6 Moreover, previous studies showed that women
with a false positive (FP) result on screening mammogram or
who have had a cancer in one breast have elevated risk of

developing a future/contralateral BC.7,8 These findings imply
that the initial impression of a radiologist does not necessarily
have a localized source within the image but is possibly driven
by the mammographic textural features and not associated
with other risk factors such as breast density.9-12

In medical image perception literatures, the holistic percep-
tual processing of radiological instantaneous view of an image’s
abnormality features is often called the gist signal, which has
been extensively studied to better understand radiological errors
and enhance screening performance.3-6,11-21 From the human
visual system, one may claim that gist contains both global and
local source of information about “what” and “where” the ab-
normality in an image may be, correspondingly.12,22,23 A large
body of gist literature, studying gist on images without a local-
ized cancer sign such as contralateral mammograms, revealed
that gist is associated with global “what” information occurring
without prior location of that information.3-5,13-15,23,24 Views
from the basic vision science domains suggest that gist infor-
mation can be rapidly extracted (eg, using just as small as a
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half-second of an image viewing time) from the entire global
image properties in a “non-selective” manner, while identifica-
tion of the information occurs from the local properties (ie, the
“selective” pathway).16,17,25,26 With that, gist is evidently a
global rapid signal which will be referred to as the “global gist
signal” (GGS) in this article.

Numerous gist studies focusing on the process of under-
standing natural scenes suggest that only after a brief sight of
an image, observers are capable of categorizing these images
into classes such as indoor or outdoor.27,28 The human visual
system relies on texture features in recognizing the global gist
of the natural scenes,29-31 demonstrating that texture analysis
can provide strong holistic cues for quick scene recognition.
Previous studies have shown that first and second order
(Gray Level Co-occurrence Matrix [GLCM]-based) statistical
features are relevant for texture analysis in typical viewing
modes.32-34 However, it is unclear whether these features are
also relevant for the perceived GGS of a mammogram, which
is extracted briefly after image onset based on a half-second
image presentation. Our hypothesis is that a set of global
radiomic features (GRFs), including both first order statistics
(FOS) and GLCM-based, can differentiate between mammo-
graphic textures that result in strong gist signals (ie, high-gist)
and those that result in weak ones (ie, low-gist). Therefore,
this experimental study aims to (i) explore whether a set of
GRFs comprising FOS and GLCM-based statistics extracted
from mammograms can predict high- from low-gist images
and (ii) identify the most important GRFs that drive the GGS.
We focus only on these two extreme sides of the gist spectrum
(highest and lowest gist images) to ensure that a clear differ-
ence between them at their maximum level is achieved.
Moreover, mammographic images’ textural features have
been linked to the presence of BC35,36 and elevated BC risk.37

Therefore, we included images of normal cancer-free and
cancer-containing cases, and high-risk individuals, and con-
sidered each class separately to ensure that our model is not
capturing the signal related to the presence of BC or elevated
BC risk, but rather capturing the gist signal.

In addition to enhancing our comprehension of the gist sig-
nal’s nature when dealing with complex textures, the present
study could yield insights into radiological errors in screening
mammograms. Identifying features on normal images which
signal a strong gist of the abnormal (FP) and missed cancer
cases which signal a weak gist (false negative [FN]) could help
in educating radiologists about possible appearances of FP and
FN cases so that their diagnostic errors could be better moni-
tored and drastically reduced. Since BC is the major cause of
cancer-related death in females worldwide and the efficiency of
mammographic screening interpretation depends largely on
the visual expertise of clinician radiologists, errors such as FP
and FN are significant.38 While FP errors can trigger huge an-
nual healthcare expenses of almost US$3 billion (an example
from the United States) and an increased patient anxiety and
depression, FN mistakes could result in increased treatment
complications and reduced overall survival due to delayed de-
tection of BC.39,40 Hence, providing a better understanding
about the underlying reasons for diagnostic errors in the inter-
pretation of screening mammograms is crucially important.

Materials and methods
Institutional ethics approval of all experiment procedures
was obtained from the Human Research Ethics Committee of

the University of Sydney (protocol no. 2020/324). Informed
consent from all subjects participated in the study was ac-
quired prior to the data collection.

Participants
Seventeen Australian and New Zealand radiologists and
breast physicians were invited to participate in this study.
These readers were identified as the “gist expert”, through
their participation in the previous gist experiment15 where
they demonstrated superior ability to detect reliable and ac-
curate gist of the abnormal in mammographic images. Full
details of their selection and identification were described in
a previous study15 which also showed that the superior abil-
ity of these “gist experts” was not associated with factors
such as their years of experience reading mammograms
or number of mammograms interpreted each week. A total
of 13 readers (11 radiologists and 2 breast physicians)
were recruited.
Prior to the data collection, the 13 participants’ character-

istics and general workload details (Table 1) were collected
via an online questionnaire. Majority of the participants were
female (77%) radiologists (85%) working part-time (69%)
as screen readers (92%) for the national screening program
BreastScreen Australia and did not undertake a fellowship
(62%) but had association with a university or educational
institute (54%). At the time of participating in the gist experi-
ment, on average, the participants spent 9.5 h per week read-
ing mammograms and read 237 screening cases per week.
With that, 70% of their time was dedicated to reading breast
images, while 24.6% of their time was dedicated to reading
diagnostic mammograms. The participants also had a median
of 17.5 years being a certified BreastScreen reader, 21 years
registered as a screen reader, and 21.5 years reading
mammograms. Of those who had a fellowship training in
mammography reading, the median duration of their training
program was 6months in which they completed it on
average of 10 years ago. Lastly, on average, the participants
performed 250 breast biopsy examinations in the last
12months with a median of four times in a month correlat-
ing/reviewing radiology-pathology findings for biopsy
cases, and three times in a month participating in a Multi-
Disciplinary Meeting.

Mammographic images
For the purpose of conducting this gist experiment and radio-
mics analysis, mammographic images and binary (black and
white) masks were required. A dataset of de-identified 4191
craniocaudal (CC) unilateral digital imaging and communica-
tions in medicine (DICOM) mammograms were obtained
from the archive of BreastScreen Australia, which were ac-
quired from asymptomatic women aged between 50 and 75.
These images were obtained using a variety of vendors, that
is, Siemens (Munich, Germany), Hologic (Hologic, Inc.,
Marlborough, MA, USA), Sectra (Sectra, Link€oping,
Sweden), Fujifilm (Fujifilm Corporation, Minato City,
Tokyo, Japan), Philips (Philips Healthcare, Amsterdam, the
Netherlands), and Konica Minolta (Marunouchi, Chiyoda,
Tokyo, Japan). Next, binary masks were generated from
4191 DICOM images to extract breast area from its back-
ground using a standard thresholding gray level intensity
value of 100. Due to computational efficiency reasons (to
save computational resources, ie, time and memory),
DICOM images and masks were then converted to TIFF

BJR, 2024, Volume 97, Issue 1153 169
D

ow
nloaded from

 https://academ
ic.oup.com

/bjr/article/97/1153/168/7470410 by guest on 30 January 2024

46



format with all the right CC images being flipped to the left
for consistent left side chest wall on all images. The TIFF
images and binary masks were then cropped based on the
maximum breast region size and used for the gist experiment
(Fig. 1) and radiomics analysis (Fig. 2).

Since the gist of the abnormal has been reported to be pre-
sented in both current and prior images3-6,11,13-16 and to in-
clude various levels of gist strength in our analysis, we
included all the eight types of the mammograms in our data-
set. The eight types were “Normal” (n¼1409), “Cancer”
(n¼923), “Prior-1” (n¼1438), “Prior-2” (n¼ 419), “Prior-
3” (n¼ 2), “Missed” (n¼375), “Prior-Visible” (n¼ 308),
and “Prior-Invisible” (n¼755). The “Normal” category in-
cluded current mammograms of women reported and con-
firmed to be cancer-free normal by at least two independent
expert radiologists (over 20 years of experience) with nega-
tive follow up mammograms acquired 2 years after. The
“Cancer” had current cancer images contained biopsy proven
malignancy. The “Prior-1”, “Prior-2”, and “Prior-3” con-
tained prior no visible cancer signs mammograms, obtained
2, 4, and 6 years before current cancer mammograms, corre-
spondingly. The “Missed”, “Prior-Visible”, and “Prior-
Invisible” were categorized by two expert radiologists or a
third expert radiologist as an arbitrator if disagreement oc-
curred between the two expert radiologists,41 using “Prior-1”
category images. These three categories, respectively,

included prior mammograms with actional (ie, recall), non-
actional (ie, no recall), and no visible cancer signs that were
reported as normal, but a later screen showed a biopsy-
proven cancer.

Collecting gist scores
To collect the gist signals/scores from the 13 participants, a
previously developed multi-observer gist experimental proto-
col4 was used. Participants were asked to assess the 4191 CC
images in 11 batches (381 images per batch selected ran-
domly) and provide the probability of the image being abnor-
mal/gist score based on a scale of 0 to 100 (0¼ completely
confidence the image was normal while 100¼ absolute confi-
dence that the image was abnormal). An extensive descrip-
tion of the data collection process (Fig. 1) was provided in a
previous study.42 Considering gist has low intra and inter-
observer variability, the collected gist scores from the 13 radi-
ologists (who were experts and consistent with each other in
their gist scores) were then averaged and used for the analy-
sis, obtaining one gist score per image and eliminating the
noise of the gist signal.11,14

Categorizing high- vs low-gist images
To identify high- vs low-gist images, the averaged gist score
per image was used to classify images into high- and low-gist
based on the 75th and 25th percentiles of the images

Table 1. Participants’ characteristics and general workload details at the time of participating in the gist experiment (n¼ 13).

Characteristics Count (%)

Gender (female, male) 10 (77%), 3 (23%)
Discipline (radiologist, breast physician) 11 (85%), 2 (15%)
Working full-time (yes, no) 4 (31%), 9 (69%)
Being a screen reader (yes, no) 12 (92%), 1 (8%)
Fellowship-trained in mammography reading (yes, no) 5 (38%), 8 (62%)
Whether affiliated with a university or educational institute (yes, no) 7 (54%), 6 (46%)

Median Min-Max 25th-75th percentile

No. of hours per week currently spent in reading mammograms 9.5 1.0-30.0 3.0-19.0
No. of screening cases read per week 237 5-800 150-400
Percentage of time dedicated to reading breast images 70 5-95 45-78
Percentage of time dedicated to reading diagnostic mammograms 24.6 0-90.2 9.0-35.0
No. of years certified as a BreastScreen reader 17.5 0.5-22 7.5-20
No. of years registered as a screen reader 21 2-30 12-25
No. of years reading mammograms 21.5 0-34 8.5-25
Duration of fellowship training in mammography reading (months) 6 6-12 6-12
No. of years since completing fellowship training in mammography reading 10 5-16 0-20.0
No. of breast biopsy examinations performed in the last 12months 250 30-100 77-400
Frequency of correlating/reviewing radiology-pathology findings for biopsy cases in a month 4 1-100 4-40
Frequency of participating in a Multi-Disciplinary Meeting in a month 3 1-6 3-4

Figure 1. Gist experiment. For a half-second each, a red cross sign was firstly displayed in the centre of the screen, followed by a mammogram and then

a corresponding white mask representing the breast area appeared to ensure conclusion of image visual processing. Lastly, without a time limit, a rating

screen was shown to collect a gist score (ie, the probability of the image being abnormal) based on a scale of 0-100 (0means completely confidence that

the image was normal while100means absolute confidence that the image was abnormal).
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containing the highest and lowest gist scores, correspond-
ingly. This gave a total of 1048 high- and 1048 low-gist
images (namely “All” image type, including “Prior-3” images
which had insufficient number of images, n¼2, to form its
own group), 162 high- and 497 low-gist for “Normal”, 545
high- and 71 low-gist for “Cancer”, 268 high- and 370 low-
gist for “Prior-1”, 73 high- and 110 low-gist for “Prior-2”,
117 high- and 80 low-gist for “Missed”, 59 high- and 68
low-gist for “Prior-Visible”, 92 high- and 222 low-gist for
“Prior-Invisible” image type (Table 2). To accentuate an ob-
vious difference between the highest and lowest gist images,
only images in these upper and lower quartiles were used in
the analysis.

Radiomics and statistical analysis
Using the 4191 images and masks, a set of 130 GRFs per im-
age was extracted using the handcrafted features approach43

with our in-house MATLAB-based programs. This is based
on the region of interest identified through MATLAB’s bi-
nary erosion algorithm using disk-shaped structuring element
of 100 radius (distance from the origin to the edge of the
disk),44-46 to exclude the vendor post-processed background
skin-air region in the mammogram in order to obtain the true
breast tissue region.47 Erosion algorithm was chosen because
it is one of most reliable methods of the mathematical mor-
phological image processing which has been widely used
for exacting ROI and eliminating the noises in an image.46

These features included 110 GLCM-based texture and 20
FOS-based features which have been shown to be valuable
descriptors of mammographic appearances in measuring
the contrast values of spatial inter-relationships between
neighbouring pixels48-50 and the distribution of single pixel
intensity values within the image region of interest, corre-
spondingly49,50 (Table 3).

To predict high- from low-gist images, the 130 GRFs, de-
rived from the corresponding image types (“All”, “Normal”,
“Cancer”, “Prior-1”, “Prior-2”, “Missed”, “Prior-Visible”,
and “Prior-Invisible”—Table 2), were then used to build
eight separate machine learning (ML) random forest classi-
fiers (All, Normal, Cancer, Prior-1, Prior-2, Missed,

Prior-Visible, and Prior-Invisible) based on the ensemble of
500 decision trees using bootstrap aggregation method.51,52

The random forest with bootstrap aggregation technique was
chosen because of its built-in feature selection function that
can minimize feature-overfitting and imbalanced data issues
(ie, oversampling unique observations from the minority class
to balance the data), and automatic estimation of feature im-
portance for generating interpretable classifier.53,54 Useful
features for each predictive model were also recognized
through feature important analysis of their importance scores
estimated using MATLAB’s predictor importance algorithm.
To determine the useful GRFs based their total importance
scores from each model, a scree test of exploratory factor
analysis55 was utilized. Importance scores show the useful-
ness of each feature in constructing the decision trees within
the model, with larger values mean more impact on the pre-
dictions made by the model.
In evaluating the performance of the models, we trained

and validated each model using the 10-fold cross-validation
approach,53,56 a reliable, unbiased, and accurate validation
method for estimating the model’s generalization perfor-
mance. This involved randomly splitting the dataset into 10
groups, and while the first group was used once to test the
predictive performance of the model, the rest of the groups
were used to train the model. This process was repeated 10
times until each group was used once as a test set. The area
under the receiver operating characteristic curve (AUC) was
then used to evaluate the overall performance of the models
for distinguishing high- from low-gist images.
MATLAB R2022a (MathWorks, Natick, MA, USA) was

used to complete all radiomics and statistical analysis.

Results
GRFs predicting high- vs low-gist images
The overall performance of the eight models (All, Normal,
Cancer, Prior-1, Prior-2, Missed, Prior-Visible, Prior-
Invisible) is shown in Fig. 3. When differentiating high- from
low-gist images, the Prior-Visible model reached the highest
AUC of 0.84 (95% CI, 0.77-0.91) followed by the Prior-

Figure 2. Radiomics analysis workflow. The first step was to obtain input images (unilateral craniocaudal mammograms and masks). Next, a ROI (pink

region) was identified using MATLAB’s image erosion algorithm to omit skin-air region. A set of 130 (110 GLCM-based and 20 FOS-based) global

radiomic features per image were then computed and finally used to build eight machine learning classification models for predicting high-gist from low-
gist images. Abbreviations: FOS ¼ first order statistics; GLCM ¼ gray level co-occurrence matrix; ROI ¼ region of interest.
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Invisible (0.83, 0.77-0.87), Normal (0.82, 0.79-0.86), Prior-
1 (0.81, 0.79-0.85), All (0.79, 0.77-0.81), Prior-2 (0.77,
0.68-0.83), Missed (0.75, 0.70-0.81), and Cancer model
(0.69, 0.65-0.75).

Important GRFs
Table 3 and Fig. 4 show the feature importance scores of the
130 GRFs derived from each of the eight models. When com-
paring each feature’s importance score, ranked from high to
low, in each individual model (Fig. 5), five features appear to
be significant for most of the models. These features were
cluster shade (feature no. 26-30, calculated across five orien-
tations) of the GLCM,48-50 standard deviation (feature no.
112), skewness (feature no. 113), kurtosis (feature no. 114),
and range (feature no. 129 and 130, calculated across two
dimensions) of the FOS.49,50 Cluster shade is a measure of
the symmetry distribution in an image. Standard deviation
describes the variation or spreading of gray level intensity
from the mean value. Skewness is a measure of the uneven-
ness of the distribution. Kurtosis measures the extreme values
of the distribution in the image. Also, range describes the dif-
ference between 95th and 5th percentile (feature no. 129),
and 99th and 1st percentile of image gray level values (feature
no. 130).

Discussion
For almost 50 years, research has shown that the holistic
rapid visual impression of an image (ie, GGS) can convey a
great amount of useful information about an image abnor-
mality in the medical image interpretation and diagnostic
process, aiming to significantly reduce FN and FP
errors.2,18,26 Recent medical image perception studies have

recognized the existence of GGS shown to be valuable for
providing information about the presence of BC to facilitate
the improvement of early BC detection and future risk predic-
tion.3-6,13-16 However, little is known about which global
computer extracted image features are correlated to the inten-
sity of the GGS.21 Here, for the first time, using radiomics ap-
proach,43 we built upon the previous works and evaluated
GRFs that drive the strength of the gist signals. We hypothe-
sized that GRFs of high-gist mammograms are different
from low-gist ones, based on the efficacy of radiomics in
mammography43 and the GGS, independent of lesion charac-
teristics (eg, breast density), in identifying image abnormal-
ity.3-5,11,13,14,16,24 We also examined which features are
more important for distinguishing between high-gist mam-
mograms from low-gist ones.
The results obtained from our eight ML classification mod-

els (All, Normal, Cancer, Prior-1, Prior-2, Missed, Prior-
Visible, Prior-Invisible) demonstrated that the GRFs had the
ability to accurately differentiate high- from low-gist images
with as high as an AUC of 0.84 (Fig. 3). Interestingly, al-
though the GGS has been shown to be helpful for predicting
cancer images,4,13 the Cancer model in our study achieved
smaller AUC value of 0.69 in discriminating high- from low-
gist cancer mammograms when compared to other seven
models (AUCs of 0.75-0.84). This could be because of the
large imbalanced dataset (n¼474) between the high-gist
(n¼ 545) and low-gist (n¼ 71) images in the “Cancer” image
category, making it difficult for the Cancer model to opti-
mally learn the difference, thereby limiting its predictive ca-
pability. Nevertheless, our overall promising findings (ie, up
to 0.84 AUC) indicate the significance of the GRFs in predict-
ing high-gist images which could potentially be used to guide

Table 2. Image types included in the study (n¼ 8).

No. Image type Description No. of high-gist images No. of low-gist images Total

1 All Included all the image categories 1048 1048 2096
2 Normal Current mammograms of women reported

and confirmed to be cancer-free normal by
at least two independent expert
radiologists (20þ years of experience)
with negative follow-up mammograms ac-
quired two years after

162 497 659

3 Cancer Current cancer mammograms of women
contained biopsy proven malignancy

545 71 616

4 Prior-1 Prior mammograms with no visible cancer
signs acquired two years before current
cancer mammograms

268 370 638

5 Prior-2 Prior mammograms with no visible cancer
signs acquired four years before current
cancer mammograms

73 110 183

6 Missed Prior-1 mammograms with actionable
visible cancer signs (ie, recall) that were
reported as normal, but a later screen
showed a biopsy-proven cancer

117 80 197

7 Prior-visible Prior-1 mammograms with non-actionable
(ie, not recall) yet visible cancer signs that
were reported as normal, but a later screen
showed a biopsy-proven cancer

59 68 127

8 Prior-invisible Prior-1 mammograms with no visible
cancer signs that were reported as
normal, but a later screen showed a
biopsy-proven cancer

92 222 314

172 BJR, 2024, Volume 97, Issue 1153

D
ow

nloaded from
 https://academ

ic.oup.com
/bjr/article/97/1153/168/7470410 by guest on 30 January 2024

49



Table 3. List of global radiomic features (n¼130) with feature importance scores.

No.

^

Feature name Importance scores from each model

All Normal Cancer Missed Prior-Vis Prior-Invis Prior1 Prior2

1 Autocorrelation_1 0.0001 0.0003 0.0003 0.0010 0.0015 0.0005 0.0003 0.0008
2 Autocorrelation_3 0.0001 0.0003 0.0003 0.0009 0.0015 0.0006 0.0003 0.0009
3 Autocorrelation_5 0.0001 0.0003 0.0003 0.0008 0.0013 0.0006 0.0004 0.0009
4 Autocorrelation_9 0.0001 0.0003 0.0003 0.0009 0.0015 0.0005 0.0003 0.0007
5 Autocorrelation_11 0.0001 0.0003 0.0003 0.0008 0.0016 0.0006 0.0004 0.0009
6 Contrast_1 0.0001 0.0003 0.0003 0.0015 0.0007 0.0008 0.0003 0.0018
7 Contrast_3 0.0001 0.0002 0.0003 0.0013 0.0013 0.0005 0.0003 0.0012
8 Contrast_5 0.0001 0.0002 0.0002 0.0009 0.0018 0.0006 0.0003 0.0007
9 Contrast_9 0.0001 0.0002 0.0003 0.0009 0.0019 0.0007 0.0003 0.0008
10 Contrast_11 0.0001 0.0002 0.0003 0.0009 0.0021 0.0006 0.0004 0.0007
11 Correlation_m_1 0.0001 0.0003 0.0002 0.0009 0.0009 0.0007 0.0004 0.0017
12 Correlation_m_3 0.0001 0.0002 0.0003 0.0008 0.0013 0.0006 0.0003 0.0009
13 Correlation_m_5 0.0001 0.0002 0.0003 0.0010 0.0016 0.0005 0.0003 0.0008
14 Correlation_m_9 0.0001 0.0002 0.0002 0.0009 0.0016 0.0005 0.0003 0.0010
15 Correlation_m_11 0.0001 0.0002 0.0003 0.0013 0.0020 0.0006 0.0004 0.0007
16 Correlation_p_1 0.0001 0.0003 0.0003 0.0010 0.0008 0.0007 0.0004 0.0019
17 Correlation_p_3 0.0001 0.0002 0.0003 0.0007 0.0013 0.0006 0.0003 0.0009
18 Correlation_p_5 0.0001 0.0002 0.0003 0.0010 0.0014 0.0005 0.0003 0.0008
19 Correlation_p_9 0.0001 0.0002 0.0002 0.0009 0.0016 0.0005 0.0004 0.0010
20 Correlation_p_11 0.0001 0.0002 0.0003 0.0013 0.0020 0.0006 0.0004 0.0007
21 Cluster_prominence_1 0.0003 0.0011 0.0006 0.0051 0.0161 0.0027 0.0016 0.0043
22 Cluster_prominence_3 0.0003 0.0013 0.0006 0.0050 0.0136 0.0028 0.0015 0.0040
23 Cluster_prominence_5 0.0003 0.0013 0.0005 0.0055 0.0124 0.0026 0.0017 0.0048
24 Cluster_prominence_9 0.0003 0.0012 0.0005 0.0055 0.0139 0.0035 0.0018 0.0052
25 Cluster_prominence_11 0.0003 0.0013 0.0006 0.0050 0.0121 0.0029 0.0017 0.0044
26 Cluster_shade_1 0.0008� 0.0030� 0.0009� 0.0055 0.0249� 0.0071� 0.0035� 0.0119�
27 Cluster_shade_3 0.0008� 0.0033� 0.0010� 0.0051 0.0262� 0.0068� 0.0035� 0.0126�
28 Cluster_shade_5 0.0008� 0.0034� 0.0009� 0.0051 0.0277� 0.0075� 0.0036� 0.0138�
29 Cluster_shade_9 0.0009� 0.0038� 0.0009� 0.0066 0.0303� 0.0088� 0.0040� 0.0148�
30 Cluster_shade_11 0.0009� 0.0040� 0.0009� 0.0059 0.0266� 0.0092� 0.0039� 0.0119�
31 Dissimilarity_1 0.0001 0.0003 0.0003 0.0011 0.0008 0.0007 0.0003 0.0018
32 Dissimilarity_3 0.0001 0.0003 0.0002 0.0010 0.0008 0.0005 0.0003 0.0013
33 Dissimilarity_5 0.0001 0.0003 0.0002 0.0011 0.0015 0.0005 0.0003 0.0011
34 Dissimilarity_9 0.0001 0.0002 0.0003 0.0012 0.0011 0.0007 0.0003 0.0011
35 Dissimilarity_11 0.0001 0.0002 0.0003 0.0011 0.0012 0.0007 0.0004 0.0007
36 Energy_1 0.0001 0.0003 0.0002 0.0013 0.0012 0.0008 0.0004 0.0013
37 Energy_3 0.0001 0.0004 0.0003 0.0013 0.0011 0.0008 0.0004 0.0016
38 Energy_5 0.0001 0.0004 0.0003 0.0011 0.0013 0.0007 0.0003 0.0015
39 Energy_9 0.0001 0.0006 0.0003 0.0009 0.0019 0.0007 0.0003 0.0012
40 Energy_11 0.0001 0.0004 0.0002 0.0013 0.0016 0.0007 0.0004 0.0016
41 Entropy_1 0.0002 0.0003 0.0004 0.0012 0.0024 0.0010 0.0006 0.0012
42 Entropy_3 0.0002 0.0003 0.0004 0.0015 0.0017 0.0007 0.0004 0.0013
43 Entropy_5 0.0001 0.0003 0.0003 0.0015 0.0022 0.0008 0.0004 0.0011
44 Entropy_9 0.0002 0.0004 0.0004 0.0013 0.0018 0.0007 0.0004 0.0012
45 Entropy_11 0.0002 0.0004 0.0003 0.0015 0.0025 0.0008 0.0004 0.0017
46 Homogeneity_m_1 0.0002 0.0003 0.0004 0.0009 0.0021 0.0009 0.0004 0.0016
47 Homogeneity_m_3 0.0001 0.0003 0.0004 0.0013 0.0017 0.0006 0.0003 0.0011
48 Homogeneity_m_5 0.0001 0.0003 0.0003 0.0019 0.0019 0.0006 0.0004 0.0010
49 Homogeneity_m_9 0.0001 0.0003 0.0004 0.0017 0.0013 0.0006 0.0004 0.0015
50 Homogeneity_m_11 0.0001 0.0003 0.0003 0.0023 0.0013 0.0007 0.0004 0.0012
51 Homogeneity_1 0.0002 0.0003 0.0003 0.0008 0.0021 0.0009 0.0004 0.0019
52 Homogeneity_3 0.0001 0.0003 0.0004 0.0016 0.0018 0.0007 0.0003 0.0012
53 Homogeneity_5 0.0001 0.0003 0.0003 0.0018 0.0020 0.0007 0.0004 0.0010
54 Homogeneity_9 0.0002 0.0003 0.0004 0.0014 0.0018 0.0006 0.0004 0.0012
55 Homogeneity_11 0.0001 0.0003 0.0003 0.0025 0.0018 0.0006 0.0004 0.0011
56 Maximum_probability_1 0.0001 0.0003 0.0003 0.0013 0.0014 0.0010 0.0004 0.0013
57 Maximum_probability_3 0.0001 0.0004 0.0003 0.0013 0.0013 0.0008 0.0003 0.0015
58 Maximum_probability_5 0.0001 0.0004 0.0002 0.0011 0.0013 0.0008 0.0004 0.0014
59 Maximum_probability_9 0.0001 0.0005 0.0003 0.0011 0.0017 0.0007 0.0003 0.0012
60 Maximum_probability_11 0.0001 0.0004 0.0002 0.0012 0.0018 0.0007 0.0004 0.0014
61 Sum_of_sqaures_variance_1 0.0001 0.0003 0.0003 0.0009 0.0013 0.0005 0.0003 0.0009
62 Sum_of_sqaures_variance_3 0.0001 0.0003 0.0003 0.0009 0.0016 0.0005 0.0003 0.0010
63 Sum_of_sqaures_variance_5 0.0001 0.0003 0.0003 0.0009 0.0014 0.0005 0.0003 0.0009
64 Sum_of_sqaures_variance_9 0.0001 0.0003 0.0003 0.0009 0.0017 0.0004 0.0003 0.0009

(continued)

BJR, 2024, Volume 97, Issue 1153 173
D

ow
nloaded from

 https://academ
ic.oup.com

/bjr/article/97/1153/168/7470410 by guest on 30 January 2024

50



Table 3. (continued)

No.

^

Feature name Importance scores from each model

All Normal Cancer Missed Prior-Vis Prior-Invis Prior1 Prior2

65 Sum_of_sqaures_variance_11 0.0001 0.0003 0.0003 0.0010 0.0015 0.0004 0.0003 0.0009
66 Sum_average_1 0.0001 0.0004 0.0003 0.0011 0.0012 0.0006 0.0003 0.0015
67 Sum_average_3 0.0001 0.0004 0.0004 0.0010 0.0013 0.0007 0.0004 0.0014
68 Sum_average_5 0.0001 0.0004 0.0004 0.0010 0.0014 0.0006 0.0004 0.0013
69 Sum_average_9 0.0001 0.0004 0.0004 0.0009 0.0013 0.0006 0.0004 0.0012
70 Sum_average_11 0.0001 0.0004 0.0003 0.0010 0.0017 0.0006 0.0003 0.0014
71 Sum_variance_1 0.0001 0.0003 0.0003 0.0009 0.0017 0.0006 0.0003 0.0010
72 Sum_variance_3 0.0001 0.0003 0.0003 0.0010 0.0015 0.0005 0.0003 0.0011
73 Sum_variance_5 0.0001 0.0003 0.0003 0.0011 0.0015 0.0006 0.0003 0.0011
74 Sum_variance_9 0.0001 0.0003 0.0003 0.0010 0.0017 0.0005 0.0004 0.0011
75 Sum_variance_11 0.0001 0.0003 0.0003 0.0011 0.0018 0.0006 0.0003 0.0012
76 Sum_entropy_1 0.0001 0.0006 0.0003 0.0015 0.0020 0.0009 0.0004 0.0017
77 Sum_entropy_3 0.0001 0.0006 0.0004 0.0015 0.0014 0.0007 0.0004 0.0019
78 Sum_entropy_5 0.0001 0.0006 0.0003 0.0017 0.0013 0.0010 0.0004 0.0014
79 Sum_entropy_9 0.0001 0.0006 0.0003 0.0018 0.0020 0.0007 0.0004 0.0015
80 Sum_entropy_11 0.0001 0.0006 0.0003 0.0017 0.0019 0.0008 0.0005 0.0020
81 Difference_variance_1 0.0001 0.0003 0.0003 0.0015 0.0008 0.0008 0.0003 0.0017
82 Difference_variance_3 0.0001 0.0002 0.0003 0.0015 0.0011 0.0005 0.0003 0.0011
83 Difference_variance_5 0.0001 0.0002 0.0002 0.0009 0.0018 0.0006 0.0004 0.0007
84 Difference_variance_9 0.0001 0.0002 0.0002 0.0010 0.0019 0.0006 0.0003 0.0009
85 Difference_variance_11 0.0001 0.0002 0.0003 0.0009 0.0021 0.0006 0.0004 0.0008
86 Difference_entropy _1 0.0001 0.0003 0.0003 0.0012 0.0013 0.0008 0.0004 0.0017
87 Difference_entropy _3 0.0001 0.0003 0.0003 0.0010 0.0010 0.0007 0.0003 0.0017
88 Difference_entropy _5 0.0001 0.0003 0.0002 0.0012 0.0012 0.0006 0.0004 0.0010
89 Difference_entropy _9 0.0001 0.0002 0.0003 0.0015 0.0011 0.0008 0.0004 0.0013
90 Difference_entropy _11 0.0001 0.0002 0.0003 0.0017 0.0011 0.0008 0.0005 0.0008
91 Information_measure_of_co-

rrelation1_1
0.0001 0.0003 0.0003 0.0011 0.0016 0.0010 0.0004 0.0028

92 Information_measure_of_co-
rrelation1_3

0.0001 0.0003 0.0003 0.0008 0.0018 0.0008 0.0003 0.0014

93 Information_measure_of_co-
rrelation1_5

0.0001 0.0003 0.0003 0.0011 0.0014 0.0007 0.0004 0.0011

94 Information_measure_of_co-
rrelation1_9

0.0001 0.0002 0.0003 0.0011 0.0009 0.0009 0.0004 0.0016

95 Information_measure_of_co-
rrelation1_11

0.0001 0.0003 0.0004 0.0017 0.0009 0.0007 0.0004 0.0008

96 Information_measure_of_co-
rrelation2_1

0.0001 0.0004 0.0003 0.0013 0.0017 0.0009 0.0004 0.0019

97 Information_measure_of_co-
rrelation2_3

0.0001 0.0004 0.0003 0.0011 0.0020 0.0008 0.0004 0.0015

98 Information_measure_of_co-
rrelation2_5

0.0001 0.0003 0.0003 0.0013 0.0017 0.0006 0.0004 0.0016

99 Information_measure_of_co-
rrelation2_9

0.0001 0.0002 0.0003 0.0012 0.0011 0.0009 0.0004 0.0017

100 Information_measure_of_co-
rrelation2_11

0.0001 0.0002 0.0003 0.0017 0.0014 0.0005 0.0004 0.0010

101 Inverse_difference_normaliz-
ed _1

0.0001 0.0003 0.0003 0.0011 0.0009 0.0007 0.0004 0.0019

102 Inverse_difference_normaliz-
ed _3

0.0001 0.0003 0.0002 0.0011 0.0011 0.0006 0.0003 0.0014

103 Inverse_difference_normaliz-
ed _5

0.0001 0.0003 0.0003 0.0011 0.0016 0.0004 0.0003 0.0011

104 Inverse_difference_normaliz-
ed _9

0.0001 0.0002 0.0003 0.0012 0.0015 0.0007 0.0004 0.0012

105 Inverse_difference_normaliz-
ed _11

0.0001 0.0003 0.0003 0.0013 0.0011 0.0006 0.0004 0.0007

106 Inverse_difference_moment_
normalized _1

0.0001 0.0004 0.0003 0.0014 0.0008 0.0007 0.0003 0.0020

107 Inverse_difference_moment_
normalized _3

0.0001 0.0002 0.0003 0.0013 0.0013 0.0005 0.0003 0.0011

108 Inverse_difference_moment_
normalized _5

0.0001 0.0002 0.0002 0.0009 0.0015 0.0005 0.0003 0.0007

109 Inverse_difference_moment_
normalized _9

0.0001 0.0002 0.0003 0.0011 0.0019 0.0006 0.0003 0.0009
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Table 3. (continued)

No.

^

Feature name Importance scores from each model

All Normal Cancer Missed Prior-Vis Prior-Invis Prior1 Prior2

110 Inverse_difference_moment_
normalized _11

0.0001 0.0002 0.0003 0.0010 0.0019 0.0006 0.0004 0.0008

111 Mean 0.0002 0.0008 0.0004 0.0013 0.0019 0.0010 0.0005 0.0018
112 Standard_deviation 0.0005 0.0029� 0.0006 0.0085� 0.0262� 0.0050� 0.0025 0.0069
113 Skewness 0.0009� 0.0014 0.0006 0.0056 0.0114 0.0047� 0.0024 0.0065
114 Kurtosis 0.0002 0.0004 0.0008� 0.0019 0.0017 0.0014 0.0006 0.0012
115 Minimum 0.0001 0.0001 0.0003 0.0005 0.0004 0.0002 0.0001 0.0004
116 5th_percentile 0.0002 0.0007 0.0006 0.0016 0.0025 0.0009 0.0005 0.0009
117 10th_percentile 0.0002 0.0008 0.0004 0.0016 0.0015 0.0015 0.0006 0.0014
118 15th_percentile 0.0002 0.0007 0.0004 0.0021 0.0020 0.0021 0.0006 0.0017
119 20th_percentile 0.0002 0.0009 0.0004 0.0017 0.0026 0.0023 0.0007 0.0018
120 25th_percentile 0.0003 0.0011 0.0004 0.0017 0.0032 0.0020 0.0007 0.0024
121 Median 0.0004 0.0018 0.0003 0.0022 0.0027 0.0019 0.0010 0.0026
122 75th_percentile 0.0002 0.0008 0.0003 0.0018 0.0013 0.0015 0.0006 0.0011
123 80th_percentile 0.0002 0.0005 0.0003 0.0015 0.0016 0.0011 0.0004 0.0010
124 85th_percentile 0.0001 0.0004 0.0004 0.0016 0.0018 0.0010 0.0005 0.0013
125 90th_percentile 0.0001 0.0006 0.0004 0.0024 0.0036 0.0013 0.0006 0.0015
126 95th_percentile 0.0003 0.0017 0.0005 0.0048 0.0094 0.0026 0.0012 0.0032
127 Maximum 0.0002 0.0003 0.0003 0.0013 0.0031 0.0007 0.0006 0.0010
128 Range_all (maximum

less minimum)
0.0002 0.0004 0.0003 0.0017 0.0032 0.0011 0.0006 0.0021

129 Range5 (95th percentile less
5th percentile)

0.0008� 0.0017 0.0011� 0.0093� 0.0318� 0.0053� 0.0035� 0.0107�

130 Range2 (99th percentile less
1st percentile)

0.0006 0.0033� 0.0008� 0.0087� 0.0165 0.0060� 0.0025 0.0082

Feature nos. 1-110 are GLCM-based features49-51 with feature parameters as 1, 3, 5, 9, and 11 being pixel distance between the pixel of interest and its
neighbour. Feature nos. 111-130 are FOS-based features.50,51� and highlighted in grey ¼ important features based on their importance scores from the machine learning model. The larger the importance scores, the more
important the features were for the model.
Abbreviations: FOS ¼ first order statistics; GLCM ¼ gray level co-occurrence matrix.

Figure 3. Area under the receiver operating characteristic curve (AUC) for eight classifiers. When differentiating high- from low-gist images, all eight

models using global radiomic features from each image category performed relatively well with the Prior-Visible images category model achieved the

highest AUC of 0.84 (95% CI, 0.77-0.91) while the Cancermodel had an AUC of 0.69 (95% CI, 0.65-0.75).
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the proper use of the GGS to support BC detection and
prediction process.

Moreover, if the GGS can be considered as a BC risk fac-
tor, similar to breast density or genetic risk factor, our work
may be applied as a supplemented artificial vision intelligence

tool to signal clinician about an elevated risk of a positive
cancer finding in mammographic screening.3,5,13 It might
also be used to augment the recent deep learning model57 to
further advance the accuracy of BC detection in screening
mammography especially since the GGS has been shown to

Figure 4. Line plot showing feature importance scores of the 130 features (no. 1-130) in each classifier (A)-(H). As shown, pattern of important features

appears to be similar across the eight classifiers.

Figure 5. Scree bar chart for each of the eight classifiers showing important features (ranked from high to low importance scores) determined based on

the identified steep slope (as shown in red arrow). Seven, seven, eight, three, seven, nine, six, and six most important features were identified for All (A),
Normal (B), Cancer (C),Missed (D), Prior-Visible (E), Prior-Invisible (F), Prior-1 (G), Prior-2 (H) model, respectively.
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be helpful in improving the performance of the deep learning
model in detecting BC.14 This could not only assist in lessen-
ing the possibility of FP and FN errors but also optimizing
personalized screening strategy (eg, shorter screening inter-
val) and increasing the chance of BC being detected early
with improved therapy outcomes and survivorship.
Conversely, more research efforts are needed to further evalu-
ate and validate its clinical usefulness.

Interestingly, although studies3,58 indicated that GGS of fu-
ture cancerous abnormalities can be detected in fine details of
the parenchymal texture of high-pass filtered mammograms,
other works revealed that radiologists extract the GGS using
low-resolution peripheral vision prior to detailed foveal proc-
essing of any image areas when separating abnormal from
normal mammograms.1,10,24 Our findings supported the rele-
vance of the FOS and GLCM-based second-order textural
features to the GGS, extracted by radiologists’ peripheral vi-
sion. Prior studies3,13 showed that observers failed to localize
BC using such gist signal, indicating that the gist signal in the
context of medical images is concordant with findings from
basic vision sciences where observers struggle with tasks in-
volving distinguishing phase differences59 and show uncer-
tainty in localizing bisection.60 To move beyond qualitative
evidence, a specific proposal for peripheral “texture proc-
essing” and its relevance to mammography are required. The
current best theory for a model of capturing the appearance
of textures is the Texture Tiling Model61,62 which implicates
the visual system with the summary statistics computed using
the second-order statistics of primary visual cortex over local
pooling regions.

In the context of basic vision science, the importance of
texture features from non-medical images in identifying the
global gist of natural scenes was discovered.29-31 Our work
based on breast medical images also showed similar results,
in that, five useful features involving one GLCM-based tex-
tural and four FOS-based features (Table 3) from the ML
models were found. In concordance with the suggestions
from basic vision science studies,33,34,63 features that are re-
lated to noticeable differences in the first order luminance,
that is, range and standard_deviation, were among important
features in the classification tasks. In particular, range5 (fea-
ture no. 129) seems to be valuable in all the model except
Normal, signifying that a high GGS in most image types may
be motivated by the overall low range (difference between the
95th and 5th percentiles) of the image gray level value, resem-
bling cancer characteristics. Similarly, among the second-
order features, cluster shade (feature no. 26-30) exhibited
importance in all tasks except for one, suggesting that the
“uniformity of mammographic texture” could contribute to
the radiologists’ initial impression about the abnormality of a
case. In this case, these features may be used as an indicator
of whether a strong gist of the abnormal is present in an im-
age, which could contribute to the early detection and risk
prediction of BC. However, larger research is required to fur-
ther examine the effectiveness of these features.

There were a few limitations in our study. First, this was
the first exploratory study investigating the capability of
handcrafted GRFs (ie, 110 GLCM-based texture and 20
FOS-based features) derived from 130 CC unilateral view
mammograms64 in predicting high-gist from low-gist images
based on the gist scores of thirteen “gist experts”.15 The
mediolateral oblique (MLO) view was not used in this study.
While the entire images were viewed by the readers in the gist

experiment, the background skin-air region of the images had
to be excluded using erosion algorithm, because it has been
enhanced by the vendors, to obtain the true breast region for
GRF extraction. The results may be only applicable to the
images and gist experts with characteristic/background (eg,
being a screen reader with high screening workload) similar
to the sample used in the study. Secondly, useful GRFs were
determined based on their importance scores using a scree
test55 (Fig. 4), which may be less explicit for some models,
for instance, the Missed model when compared to the
Normal model. Also, only “Prior-1” images (attained two
years prior to current cancer mammograms) were used to cat-
egorize “Missed”, “Prior-Visible”, and “Prior-Invisible”
images. As with all model building, the output of the model is
constrained by the parameters entered into the model. So,
forthcoming studies should examine other prior mammo-
grams acquired beyond 2 years before, MLO, raw47 and
high-pass filtered bilateral mammograms,58 digital breast
tomosynthesis images,65 and images from other vendors (eg,
GE, GE Healthcare, Chicago, IL, USA). These images may
also contain valuable information to suggest an abnormality
and/or an increased future malignancy risk, and therefore
may result in different gist scores and GRFs. Also, gist
experts from other location and using other morphological
image processing methods (such as corrosion and closing66)
may produce different results. Lastly, other potential impor-
tant GRFs (eg, cluster prominence, feature no. 21-25) and
types of GRFs (eg, deep learning features11) should also
be analysed.

Conclusions
To summarize, this study suggests that a set of quantitative
GRFs derived from mammographic images can accurately
predict high- from low-gist images with five useful GRFs (one
GLCM-based texture and four FOS-based features) discov-
ered and emphasized. These findings are critically important
in providing better understanding of the mammographic im-
age characteristics that drive the strength of the GGS, which
could be exploited to advance BC screening and risk predic-
tion, enabling early detection and treatment of BC thereby
further reducing BC-related deaths.
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3.9 Chapter findings 

It was observed from this Chapter 3 that global radiomic features derived from mammographic 

images could accurately predict global gist signal (i.e., classifying high- from low-gist images) 

with AUCs of up to 0.84. Five most useful features for the classification tasks were also 

identified: cluster shade, standard deviation, skewness, kurtosis, and range. 
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Chapter 4 – Global radiomic features from 

mammography for predicting difficult-to-interpret 

normal cases  
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4.1 Chapter introduction 

The previous chapter (Chapter 3) demonstrates correlation between global radiomic features 

and global gist signals which are important for guiding visual searches and making diagnostic 

decisions when interpreting difficult breast cancer cases linking to diagnostic errors and 

readers’ expertise development. Nevertheless, studies found in the literature searches (Chapter 

2) revealed scarce research exploring if these global radiomic features, directing radiologists’

initial impression about the case, are correlated to normal case difficulty (high false positive 

errors made by average radiologists) in the mammographic test sets. Since around 70% of cases 

in many educational-style test sets and 99.5% of screening mammograms are normal [1-5], it 

is essential to examine the relationship between global radiomic features and these cases, and 

if a significant correlation exists, what are the most valuable features in describing these cases. 

Moreover, since higher BI-RADS category of breast density has often been claimed to signify 

more difficult cases when generating educational mammographic test sets, it is important to 

also investigate if BI-RADS breast density correlates to difficulty scores of these normal cases. 

This chapter (Chapter 4) tries to answer these questions in order to better understand the nature 

of human difficulty through the global radiomics features for enhancing the process of curating 

mammographic education test sets in accordance with the objective 3 and knowledge gaps 

recognised in the introduction (Chapter 1) and literature review (Chapter 2). 

The second original research study in this chapter has been published as: 

Siviengphanom, S., Z. Gandomkar, S.J. Lewis, and P.C. Brennan, Global radiomic features 

from mammography for predicting difficult-to-interpret normal cases. Journal of Digital 

Imaging, 2023. 36: p. 1541–1552. https://doi.org/10.1007/s10278-023-00836-7 

In this paper, three random forest machine learning classifiers were built (CC, MLO, and 

CC+MLO). The CC and MLO were constructed using the global radiomic features from 

corresponding craniocaudal (CC) and mediolateral oblique (MLO) images for distinguishing 

difficult- from easy-to-interpret normal cases. The CC+MLO model was built using a late 

fusion method [6] which involved taking the median predictive scores from both CC and MLO 

models. One of the main reasons of employing the late fusion method was that it allows fusing 

and leveraging the outputs of already constructed individual CC and MLO models without 

needing build a separate model as each model captures different aspects of the data, and fusing 
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their outputs reduces individual model biases, leading to a more accurate and robust prediction 

[6]. 

Conference proceeding/presentation based on smaller data related to the above study has been 

published as/presented at: 

 Siviengphanom, S., Z. Gandomkar, S.J. Lewis, and P.C. Brennan. Global

mammographic radiomic signature can predict radiologists’ difficult-to-interpret

normal cases. in SPIE Medical Imaging 2023: Image Perception, Observer

Performance, and Technology Assessment. 2023. San Diego, California, United States:

SPIE. https://doi.org/10.1117/12.2645377 (Appendix 1.5).

 SPIE Medical Imaging Conference 2023, San Diego, CA, United States, February 2023

(Appendix 1.6).
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Abstract
This work aimed to investigate whether global radiomic features (GRFs) from mammograms can predict difficult-to-interpret 
normal cases (NCs). Assessments from 537 readers interpreting 239 normal mammograms were used to categorise cases as 
120 difficult-to-interpret and 119 easy-to-interpret based on cases having the highest and lowest difficulty scores, respectively. 
Using lattice- and squared-based approaches, 34 handcrafted GRFs per image were extracted and normalised. Three classifiers 
were constructed: (i) CC and (ii) MLO using the GRFs from corresponding craniocaudal and mediolateral oblique images only, 
based on the random forest technique for distinguishing difficult- from easy-to-interpret NCs, and (iii) CC + MLO using the 
median predictive scores from both CC and MLO models. Useful GRFs for the CC and MLO models were recognised using a 
scree test. The CC and MLO models were trained and validated using the leave-one-out-cross-validation. The models’ perfor-
mances were assessed by the AUC and compared using the DeLong test. A Kruskal–Wallis test was used to examine if the 34 
GRFs differed between difficult- and easy-to-interpret NCs and if difficulty level based on the traditional breast density (BD) 
categories differed among 115 low-BD and 124 high-BD NCs. The CC + MLO model achieved higher performance (0.71 AUC) 
than the individual CC and MLO model alone (0.66 each), but statistically non-significant difference was found (all p > 0.05). 
Six GRFs were identified to be valuable in describing difficult-to-interpret NCs. Twenty features, when compared between 
difficult- and easy-to-interpret NCs, differed significantly (p < 0.05). No statistically significant difference was observed in 
difficulty between low- and high-BD NCs (p = 0.709). GRF mammographic analysis can predict difficult-to-interpret NCs.

Keywords  Radiomics · Mammography · Difficult normal cases · Breast cancer · Machine learning · Gist

Introduction

Among women globally, breast cancer is the most prevalent 
cancer type and leading cause of cancer-related death [1]. 
While mammography screening has played a major role in 
the early detection of breast cancer for decades [2–4], mam-
mographic image interpretation is an extremely complex 
process with reported false-positive (FP) error rates of up 
to 16% and estimated cumulative risk of FP results of up to 
63% in women 50–69 years of age after ten biennial mam-
mographic screening rounds [5, 6]. A study reported that 
80% of women having abnormal mammographic findings 

at screening were recalled for further diagnostic procedures 
that eventually resolved with normal outcomes and 40% 
of those went through invasive biopsy which subsequently 
followed in benign findings [7]. These unnecessary recalls 
(i.e., FP findings) have placed huge burdens on patients and 
healthcare systems, causing considerable psychological dis-
tress and anxiety as well as unwarranted medical costs (e.g., 
USD$2.8 billion each year in the USA) [8–11]. Considering 
that approximately 99.5% of cases in screening programs are 
normal, the ability of radiologists to interpret and detect nor-
mal cases (NCs) correctly is extremely important [12, 13].

Educational test sets are powerful web-based platforms 
shown to improve radiologists’ performance in interpreting 
mammograms [14–22]. Since NCs often constitute almost 
70% of the cases in these educational test sets, the capa-
bility to identify normal mammographic features can be 
well assessed [19, 20, 23]. However, a consistent difficulty 
for normal mammographic cases across different test sets 
is important in order to facilitate a reliable and efficient 
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objective measurement of FP errors and the performance 
of individual reader, since test set based education is widely 
used worldwide as a means of monitoring clinical perfor-
mance [16–20, 22–25]. This implies that if a radiologist’s 
performance changes over time, it should be a function of 
the radiologist, not the test set conditions. Considering read-
ers’ performance in educational test sets can largely signify 
their clinical performance; measured by clinical audits, a 
consistent difficulty of NCs in test set based education is 
also vital for clinical screening programs. It can not only 
enable uniform empirical measurement of the screening pro-
gram’s recall rate performance over time, but also facilitate 
the establishment of national standards of recall rate that 
could be used to compare with the recall rate performance 
of individual breast reader as part of a quality improvement 
[15, 20, 22–25].

To date, there appears to be no reliable method of stand-
ardising test set difficulty for NCs since test set generation 
currently relies on experts’ assessment of case difficulty, 
where suitable NCs are selected manually by expert radi-
ologists, often based on the traditional breast imaging and 
reporting data system (BI-RADS) breast density (BD) cat-
egory and inclusion of benign features [18, 26–28]. Studies, 
however, have revealed that the difficulty of NCs subjec-
tively defined by experts or perceived by individuals based 
on the BD classification rarely aligns to the actual diffi-
culty based on readers’ performance in the test set [28–30]. 
Although a retrospective assessment of normal case dif-
ficulty is performed by calculating the numbers of errors 
made by readers engaging with the test set, this is rare, and 
indeed when it occurs, it relies on the efficacy of the read-
ers of that test set which is still not a good descriptor of the 
actual difficulty of NCs [18, 26, 28, 29]. Consequently, there 
is an urgent need for an alternative standardised method of 
predicting NCs’ difficulty so that readers’ performance and 
individual specific FP errors can be better monitored, identi-
fied, addressed, and improved.

This study aims to provide a reliable method for automati-
cally describing the difficulty of NCs (i.e., an objective meas-
ure of difficulty based on readers’ error rate [31]) using global 
image features [32] derived from radiomics (extracting and 
analysing a large number of quantitative features from medi-
cal images and converting them into multi-dimensional data) 
[33–38]. Radiomics in mammography, to date, has focused 
on predicting readers’ error making patterns using local radi-
omic features of specific tumour/FP areas, achieving up to 
0.61 AUC [39, 40]. Previous studies have also shown that 
radiologists detect the gist of “abnormal” based on overall 
image appearance immediately after image onset [41–43]. 
Considering the importance of the initial global impression 
in guiding a visual search and making a diagnostic decision 
[41–45] as well as the value of radiomics in mammography 
[38], we hypothesised that global image statistics (i.e., global 

radiomic features/GRFs) of difficult-to-interpret NCs differed 
from easy-to-interpret ones. However, little attempt has been 
made to predict difficult-to-interpret NCs based on GRFs. 
This study addresses this deficiency. Moreover, since test set 
curation often depends on the traditional BI-RADS BD clas-
sification and higher BD cases have previously been reported 
to be more difficult to interpret [28, 30, 46], this work also 
investigates if there is a difference in difficulty level between 
low-BD (BI-RADS BD category A = fatty and B = fibroglan-
dular) vs high-BD (BI-RADS BD category C = heterogeneous 
and D = extremely dense) NCs [47].

Materials and Methods

Ethical approval was obtained for this study from the Human 
Research Ethics Committee of the University of Sydney 
[2019/013 and 2017/028] with informed consent acquired 
from each reader. This study only involved retrospective anal-
ysis of existing and non-identifiable data collected as part 
of the BreastScreen Reader Assessment Strategy (BREAST) 
databank (https://​breast-​austr​alia.​sydney.​edu.​au/) [48, 49], 
which is funded by the Commonwealth of Australia  to 
improve observer performance in BreastScreen Australia.

Readers

A total of 537 readers were included in this study, with expert 
breast Australian and New Zealand radiologists (n = 382), 
breast physicians (n = 18, medical practitioners specializing in  
interpreting breast images such as mammograms, and diagno-
sis and management of benign and malignant breast disease,  
in partnership with breast surgeons, radiologists, oncologists, 
pathologists and geneticists), and radiology trainees (n = 137) 
who engaged with the BREAST program from 04 September 
2014 to 17 March 2021. These readers were recruited either 
through a radiology and/or breast cancer workshop/confer-
ence or a direct registration via the online BREAST platform. 
Additionally, radiologists may be referred to complete the 
BREAST test set by their lead BreastScreen Australia radi-
ologist. The number of readers who read each test set varied 
from 33 to 206, in accordance with the time release of the 
test sets between 2014 to 2021. There was a mean value of 
130 readers per test set, and each reader had an average of 
10 years’ experience in reading mammograms. Out of 537, 
471 readers provided their age details, giving a mean age 
of 46. While the number of female (44%) and male (41%) 
readers (15% did not specify their gender) and the number of 
readers who spent less than 4 h (50%) and 4–30 h per week 
(48%) reading mammograms were similar, 46% of readers 
read 20–200 cases of mammograms per week, 26% com-
pleted a fellowship which lasted for 3–6 months, and 42% 
currently read for breast screening program (Table 1).
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Normal Cases and Reading Conditions

Given the aim of the study is to predict the difficulty of 
NCs using GRFs, only NCs were included.NCs came from a 
screening population; hence, patients were all females, aged 
between 50 to 75, and generally asymptomatic. Truth for 
each normal case was validated by the consensus reading 
of at least two expert radiologists, followed by a subsequent  
negative screen outcome confirmed by two expert radi-
ologists [14]. A total of 361 normal mammography cases  
from all the nine existing BREAST test sets were used, 
with each case including bilateral craniocaudal (CC) and 
mediolateral oblique (MLO) views—a total of four DICOM 
images per case. The NCs of each test set were viewed by 
the 537 readers via the BREAST platform, either at a work-
shop/conference in a simulated reading room (n = 320), 
or online at their usual clinical setting (n = 217). Reading 
conditions in both settings were comparable with DICOM 
images being displayed on a pair of 5-megapixel medical 
standard monitors and recommended ambient light levels 
range of 20–40 lux [17, 19, 48, 50, 51]. The mammogram 
examinations were performed using mammography provided 
by Hologic (Hologic, Inc., Marlborough, MA, USA), GE 
(GE Healthcare, Chicago, IL, USA), Siemens (Munich, Ger-
many), Sectra (Sectra, Linköping, Sweden), Philips (Philips 

Healthcare, Amsterdam, the Netherlands), and Fujifilm 
(Fujifilm Corporation, Minato City, Tokyo, Japan).

Difficult Normal Cases and Their Breast Density

To identify the difficulty of NCs, difficulty scores (i.e., per-
centage of incorrect reports per case defined as an objective 
measure of difficulty [31]) were firstly calculated for each  
of the 361 NCs using the Royal Australian and New Zealand 
College of Radiologists (RANZCR) rating (scale of 2 to 5 
while 1 represents a normal case [48]) provided by each of the 
537 readers. Similar to the American College of Radiology’s 
numbered BI-RADS mammographic assessment categories, 
a RANZCR score of 2 was given when readers thought the 
case was benign lesion, while a score of 3, 4, or 5 was given 
when readers believed a malignant lesion was present with 
greater number indicating a higher confidence of malignancy. 
For cases with more than one rating from the same reader 
(this happened when a reader believed there were multiple 
abnormalities), only the highest rating was used. Difficulty 
scores were derived by dividing the number of readers who 
gave an incorrect report (i.e., rated a normal case as cancer 
with a rating of 3, 4, or 5) by the number of total readers who 
read the test set. The difficulty scores were then categorised 
into three classes, giving 120 difficult-to-interpret, 122 inter-
mediate-to-interpret, and 119 easy-to-interpret NCs based on 
one-third of the total 361 cases having the highest, intermedi-
ate, and lowest difficulty scores, respectively. However, only 
cases (total of 239) in the difficult- (n = 120) and easy-to-
interpret (n = 119) categories were included for the analysis. 
The 122 intermediate NCs were excluded to enable a clear 
distinction between the highest and lowest difficulty NCs. 
These two categories also resulted in a total of 115 low-BD 
(58 difficult- and 57 easy-to-interpret) and 124 high-BD NCs  
(62 difficult- and 62 easy-to-interpret).

Radiomic Analysis

Extraction of Global Radiomic Features

The first step in the radiomics analysis pipeline was to obtain 
input mammographic images and binary (black and white) 
masks. In total, 956 mammography DICOM images (4 
images per case × 239 NCs: 120 difficult- and 119 easy-to-
interpret) were acquired. Using a standard gray level thresh-
olding value of 100 (all pixel intensities above the threshold 
value were converted to white while the rest were converted 
to black), binary masks were generated from 956 DICOM 
images to extract the breast region from the surrounding 
image background, removing undesirable labels, markers, 
and other artifacts. Where necessary, a manual adjustment 
on the thresholding value was applied to ensure the binary 
masks were created accurately. Next, for computational 

Table 1   Readers’ details at the time of completing a test set

Total no. of readers 537

Mean no. of years reading mammograms 10
Mean age (from 471 readers with age details while 66 

readers did not provide their age details)
46

Gender
    Female 238 (44%)
    Male 219 (41%)
    Not specified 80 (15%)

No. of mammographic cases reading per week
    < 20 230 (43%)
    20–200 248 (46%)
    > 200 59 (11%)

No. of hours per week reading mammograms
    < 4 267 (50%)
    4–30 258 (48%)
    > 30 12 (2%)

No. of readers completed a fellowship lasting 3 to 6 months
    Completed fellowship 138 (26%)
    Did not completed fellowship 386 (72%)
    Not specified 2 (13%)

No. of readers currently read for breast screening program
    Yes 223 (42%)
    No 314 (58%)
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efficiency purposes, the DICOM images and masks were 
converted to a TIFF file format, and all the right CC and 
MLO views of mammograms were flipped to the left so 
that all mammograms had consistent chest wall on the left 
side. The TIFF images and binary masks were then cropped 
based on the maximum size of breast region and used as 
input images for the radiomic analysis (Fig. 1).

Extraction of GRFs was performed using the handcrafted 
features approach [38] based on region of interests defined 
through two methods: (1) multiple regions of interests 
defined by the lattice-based approach covering the entire 
breast image (ROI) [52, 53] and (2) largest square rectan-
gular box inscribed within breast (SQ) [54–56]. Unlike the 
previous studies’ techniques [52–56], we included the pec-
toral muscle for our radiomic analysis as many of our cases 
had FP annotations near the pectoral muscle area.

A total of 34 GRFs per image (gray level co-occurrence 
matrix/GLCM-based Haralick texture features (n = 30) [57, 
58], first-order statistics/FOS features (n = 2) [33, 58], and 
neighbourhood gray tone difference matrix/NGTDM texture 
features (n = 2) [58, 59], Table 2) were extracted using our 
in-house MATLAB programs. These features were selected 
as they have been shown to be valuable descriptors of mam-
mographic appearances in measuring the contrast values of 
spatial inter-relationships between neighbouring pixels of 

the image (GLCM and NGTDM) and the deviation of sin-
gle pixel intensity value within the image region of interest 
(FOS) [33, 57–62]. The extracted features were then normal-
ised using a z-score algorithm to calibrate image gray inten-
sity mean to 0 and standard deviation values to 1 [63–65]. 
The ROI features were analysed using MATLAB distinct 
block processing method with block size 214 × 214 pixels 
and summarised using the standard deviation approach.

Model Building

Bivariate analysis comparing potential GRFs to the difficult- 
and easy-to-interpret NCs was conducted.

To predict difficult- from easy-to-interpret NCs, three 
binary machine learning (ML) classification models were 
built: (1) CC, (2) MLO, and (3) CC + MLO model. Firstly, 
in constructing the CC and MLO classification models, 
the 34 GRFs, obtained from the corresponding right and 
left CC and MLO view images only, were fed into MAT-
LAB ensemble of 500 decision trees (i.e., random forest) 
enhanced with LogitBoost ensemble aggregation algorithm 
(i.e., adaptive logistic regression) [66–68]. We selected the 
random forest technique because a random feature selec-
tion is embedded within the model which can reduce the 
features overfitting problem while producing interpretable 

Fig. 1   Study workflow. First, images and masks were acquired and 
used as input images (a). Using the lattice- (ROI) and squared-based 
(SQ) approaches (b), 34 global radiomic features (GRFs) per image 
were then extracted from the region of interest (yellow region) and 

normalised (image gray intensity mean = 0 and standard devia-
tion = 1) (c). Lastly, three machine learning models for predicting dif-
ficult-to-interpret mammographic normal cases were built and evalu-
ated (d)
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Table 2   List of extracted global radiomic features for this study (n = 34)

CC craniocaudal, FOS first order statistics, GLCM  gray level co-occurrence matrix, MLO mediolateral oblique, NGTDM neighbourhood gray 
tone difference matrix, n/a not applicable, ROI multiple regions of interests defined by the lattice-based approach covering the entire breast 
image, SQ largest square rectangular box inscribed within breast, Std standard deviation
a 20 features with statistically significant difference between difficult- and easy-to-interpret normal cases, p-value < 0.05
b Top 6 and ctop 2 useful features from the machine learning CC/MLO models. The higher the value, the more useful the features were for the 
predictive models

No. Name p-value Importance 
score from CC 
model

Importance score 
from MLO model

Feature class Parameters

1 ROI_Std_Correlation_3 0.000a 0.47 2.03b,c GLCM [57, 58] 3 pixel distance between the pixel 
of interest and its neighbour2 ROI_Std_Difference_entropy _3 0.169 0.5 0.29

3 ROI_Std_Dissimilarity_3 0.245 0.14 0.11
4 ROI_Std_Difference_variance_3 0.69 0 0.27
5 ROI_Std_Energy_3 0.025a 0 0.37
6 ROI_Std_Entropy_3 0.022a 0.28 0
7 ROI_Std_Homogeneity_3 0.343 0 1.10b

8 ROI_Std_Information_meas-
ure_of_correlation1 _3

0.87 0 0

9 ROI_Std_Information_meas-
ure_of_correlation2 _3

0.582 0 0.17

10 ROI_Std_Maximum_probabil-
ity_3

0.029a 0 0.03

11 ROI_Std_Sum_entropy_3 0.000a 1.25b 0.5
12 ROI_Std_Sum_variance_3 0.649 0.25 0.36
13 ROI_Std_Coarseness_3 0.945 0 0.13 NGTDM [58, 59] 3 × 3 neighbourhood size
14 ROI_Std_Cluster_prominence_3 0.398 0.69 0.4 GLCM [57, 58] 3 pixel distance between the pixel 

of interest and its neighbour15 ROI_Std_Cluster_shade_3 0.373 0.18 0
16 ROI_Std_Range_all 0.006a 0.68 0.15 FOS [33, 58] n/a
17 ROI_Std_Sum_of_squares_vari-

ance_9
0.215 0 0.12 GLCM [57, 58] 9 pixel distance between the pixel 

of interest and its neighbour
18 SQ_Correlation_9 0.006a 0.31 0.46
19 SQ_Difference_entropy _9 0.000a 0 0
20 SQ_Dissimilarity_9 0.000s 0.05 0.11
21 SQ_Difference_variance_9 0.000a 0.94b 0
22 SQ_Energy_9 0.000a 0.33 0.28
23 SQ_Entropy_9 0.000a 0.07 0.47
24 SQ_Homogeneity_9 0.000a 0 0
25 SQ_Information_measure_of_

correlation1 _9
0.000a 0.51 0.03

26 SQ_Information_measure_of_
correlation2 _9

0.000a 0.3 0.46

27 SQ_Maximum_probability_9 0.000a 0.63 0
28 SQ_Sum_entropy_9 0.001a 0.48 0.19
29 SQ_Sum_variance_9 0.000a 0.11 0.13
30 SQ_Coarseness_9 0.535 0.77 1.03b NGTDM [58, 59] 9 × 9 neighbourhood size
31 SQ_Cluster_prominence_9 0.511 0.02 0 GLCM [57, 58] 9 pixel distance between the pixel 

of interest and its neighbour32 SQ_Cluster_shade_9 0.182 0.22 0.54
33 SQ_Range_all 0.000a 1.57b,c 0.31 FOS [33, 58] n/a
34 SQ_Sum_of_squares_vari-

ance_9
0.000a 0 0 GLCM [57, 58] 9 pixel distance between the pixel 

of interest and its neighbour
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models with automatic estimation of feature importance 
[68]. To recognise useful GRFs for the predictive CC and 
MLO models, importance scores for each feature were com-
puted through a feature importance analysis using MAT-
LAB’s predictor importance algorithm. Importance scores 
indicate how useful each feature was in the construction of 
the decision trees within the model. The higher the value, 
the more useful the features were in making the prediction 
for the model. Finally, in building the CC + MLO model, we 
utilized a late fusion method [69] which consisted of taking 
the median predictive scores from the constructed CC and 
MLO models (Fig. 2).

Statistical Analysis and Validation

To assess the performance of the models on our dataset, 
we needed to measure how well the predictions made by 
the model matched the observed data. Thus, we trained and 
validated the CC and MLO models using the leave-one-out-
cross-validation approach, a reliable, unbiased, and accu-
rate validation method for evaluating the performance of a 
machine learning model, assuring no data leakage from the 
training to the testing phase [62, 70]. This means that each 
time the model was trained, one case (all images belong-
ing to that case) was left out and used once as a test set 
to validate the predictive performance of the model, while 
the remaining cases were used to train the model. This pro-
cess was repeated for all cases until each case was left out 

once. The performances of the three models for differenti-
ating difficult- from easy-to-interpret NCs were evaluated 
by the area under receiver operating characteristic curve 
(AUC). A DeLong test [71, 72] was used to determine if 
there was a statistically significant difference in the perfor-
mance between the three models (CC vs CC + MLO, MLO 
vs CC + MLO, and CC vs MLO model). A two-sided p value 
of < 0.05 was used as the criterion of statistically significant 
difference.

A scree test of exploratory factor analysis [73] was used 
to determine useful GRFs based on their total importance 
scores from the CC and MLO models.

Using a Kruskal–Wallis test, we explored if the 34 GRFs 
differed between difficult- vs easy-to-interpret NCs and if 
the median difficulty level differed among low- vs high-BD 
NCs (difficult- and easy-to-interpret). A p value of < 0.05 
was considered statistically significant.

All radiomics analysis pipeline and statistical analysis 
were conducted using MATLAB R2021a (MathWorks, 
Natick, MA, USA) apart from the DeLong test which 
was performed using pROC package [74] in RStudio 
2021.09.0.351 (RStudio Team, Boston, MA, USA)/R 4.1.2 
(R Core Team, Vienna, Austria).

Results

Radiomics Predicting Difficult Normal Cases

Figure 3 demonstrates the comparisons of the overall clas-
sification performance. When only GRFs from either CC 
or MLO views were included, corresponding CC and MLO 
models achieved similar 0.66 AUCs (95% confidence inter-
val/CI: 0.61–0.71). However, when GRFs from both CC 
and MLO views were combined using the median predic-
tive scores from both CC and MLO models, the CC + MLO 
model reached a higher AUC value of 0.71 (95% CI: 
0.64–0.78). Nevertheless, the DeLong test shows that there 
was no statistically significant difference in the performance 
between the three models (Z =  − 1.561, p = 0.119, CC vs 
CC + MLO; Z =  − 1.846, p = 0.065, MLO vs CC + MLO; and 
Z = 0.198, p = 0.843, CC vs MLO model).

Significant Global Radiomic Features

Among the 34 extracted GRFs, 20 features (Table 2) showed 
a statistically significant difference between difficult- vs 
easy-to-interpret NCs (p < 0.05). When the combined 
34 features were used for the ML predictive models, six 
significant features from predictive CC and MLO models 
demonstrated highest importance scores when compared 
between the 34 features based on the scree test (Fig. 4). 
The three most important features from CC model were 

Fig. 2   Model building. First, the CC and MLO model were built 
using the 34 global radiomic features extracted from the respond-
ing CC and MLO view images only. The CC + MLO model was the 
median predictive scores of the CC and MLO models. CC = cranio-
caudal, MLO = mediolateral oblique

66



1547Journal of Digital Imaging (2023) 36:1541–1552	

1 3

ROI_Std_Sum_entropy_3, SQ_Difference_variance_9, 
and SQ_Range_all with mean importance score of 1.25. 
The three most important features from MLO model were 
ROI_Std_Correlation_3, ROI_Std_Homogeneity_3, and 
SQ_Coarseness_9 including 1.39 mean importance score 
(Table 3).

Breast Density of Difficult Normal Cases

Figure 5 illustrates the comparison of the traditional BD-
based difficulty level between low- vs high-BD NCs 
(difficult- and easy-to-interpret). The result from the 
Kruskal–Wallis test showed no statistically significant 
difference in the difficulty level between the two groups 
(H(1) = 0.14, p = 0.709).

Discussion

This first exploratory study investigated if by employing a 
radiomic approach to describe the global mammographic 
features, difficult-to-interpret NCs can be predicted. 
Our work based on the three ML models (CC, MLO, and 
CC + MLO) exhibited that GRFs had the ability to accurately 
differentiate difficult- from easy-to-interpret NCs (AUCs up 
to 0.71). A few earlier studies indicated the value of local 
radiomic features from specific tumor/FP regions in predict-
ing radiology trainees’ error making patterns (AUCs up to 
0.61) [39, 40]. However, we focused on GRFs’ efficacy in 

predicting difficult-to-interpret NCs (i.e., an objective meas-
ure of difficulty based on readers’ error rate [31]) based on 
the significance of radiomics in describing mammographic 
characteristics [38] and global image processing (i.e., global 
gist/radiological first impression) in diagnostic decision 
making [41–44]. Furthermore, our combined CC + MLO 
model particularly integrating features from both CC and 
MLO views of mammograms (using the median predic-
tive scores from both CC and MLO models) showed higher 
performance (0.71 AUC, 0.64–0.78) when compared to CC 
or MLO model alone (0.66 AUCs, 0.61–0.71) using only 
features from corresponding CC or MLO images (Fig. 3). 
This finding suggests that GRFs from both CC and MLO 
views of mammographic images can provide complementary 
useful information in predicting difficult-to-interpret NCs. 
Nonetheless, more and larger future works are required to 
confirm this finding. While the results of comparing CC 
to MLO model showed a clearer indication of no statisti-
cally significant difference between the model’s perfor-
mance (Z = 0.198, p = 0.843), the comparisons of CC and 
MLO to the combined CC + MLO model were indefinite 
(Z =  − 1.561, p = 0.119 and Z =  − 1.846, p = 0.065, respec-
tively) which suggests more conclusive answers might need 
a larger sample.

Previous studies reported that the global gist signal with-
out any localised target information could be used to classify 
normal from abnormal mammograms [41, 42]. An earlier 
study [75] highlighted the importance of the global gist 
signal in guiding a visual search and making a diagnosis 
decision when interpreting difficult cancer cases (unreported 
retrospectively identified cancers on mammograms). Thus, 
we hypothesised that difficult-to-interpret NCs have global 
image characteristics which may resemble an abnormal 
appearance and differ from easy-to-interpret images. If a 
difficult normal image seems to be abnormal at first, this 
often results in prolonged interpretations, and subsequently, 
the chance of FP errors may increase since FP errors are 
often reported at the later stages of prolonged visual searches 
on normal mammograms [76].

Our work suggests that the GRFs (describing the entire 
image and largest square rectangular inscribed within breast) 
contained within mammographic images can help to identify 
difficult-to-interpret NCs. To date the process of assessing 
difficulty, NCs tends to depend heavily on a manual and sub-
jective evaluation of radiological experts with high-BD cases 
often perceived as more difficult [19, 26–28, 30]. However, 
similar to previous studies [28, 29], our finding (Fig. 5) dem-
onstrated no statistically significant difference (H(1) = 0.14, 
p = 0.709) observed in the difficulty level based on the tradi-
tional BD class between low- and high-BD NCs, suggesting 
that BD classifications may not be suitable for estimating 
difficult NCs. Conversely, our GRFs can provide important 
details for recognising mammographic features of difficult 

Fig. 3   Area under the receiver operating characteristic curve (AUC) 
for three classifiers. When differentiating difficult- from easy-to-inter-
pret normal cases, using GRFs from CC or MLO view images only, 
the performance of CC and MLO models achieved similar AUCs 
of 0.66 (95% CI: 0.61–0.71). However, when fusing GRFs from 
both CC and MLO images using the median predictive scores from 
both CC and MLO models, the combined CC + MLO model yielded 
a higher AUC of 0.71 (95% CI: 0.64–0.78). CC = craniocaudal, 
CI = confidence interval, MLO = mediolateral oblique
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NCs that could be used to facilitate an automatic and con-
sistent approach for evaluating difficult NCs, building more 
predictable test sets and consistent educational materials for 
radiologists [14–16, 21]. It can also facilitate a reliable and 
effective objective measurement of the recall rate perfor-
mance of each reader as well as screening program over time 
given that readers’ performance in test set based education 

can correspond well with their clinical performance [15, 20, 
22–25].

Additionally, our approach may be used as an aug-
mented clinical artificial intelligence (AI) tool to notify 
clinical managers about difficult-to-interpret NCs so that 
more experienced readers can be assigned to the case or an 
appropriate strategy in pairing readers could be employed 

Fig. 4   Significant global radiomic features based on their importance 
scores derived from the predictive CC and MLO models.  a  Among  
the 34 global radiomic features, three features with highest impor-
tance scores from CC model were ROI_Std_Sum_entropy_3 (features  
no. 11) and SQ_Difference_variance_9 (features no. 21) of GLCM,  
and SQ_Range_all (features no. 33) of FOS, determined based on b the  
scree plot indicating the steep slope occurred after the third highest 
features (shown by the red arrow). Similarly, three highest importance 
score features from MLO model were ROI_Std_Correlation_3 (fea-

tures no. 1) and ROI_Std_Homogeneity_3 (features no. 7) of GLCM, 
and SQ_Coarseness_9 (features no. 30) of NGTDM according to c   
the scree plot with the red arrow showing the steep slope occurred 
after the third highest features. CC = craniocaudal, FOS = first order 
statistics, GLCM = gray level co-occurrence matrix, MLO = medi-
olateral oblique, NGTDM = neighbourhood gray tone difference 
matrix, ROI = multiple regions of interests defined by the lattice-based 
approach covering the entire breast image, SQ = largest square rectan-
gular box inscribed within breast, Std = standard deviation
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to optimise diagnostic accuracy. A single reading strategy, 
instead of a double reading, can also be exploited for easy-
to-interpret NCs, reducing readers’ workload since NCs 
constitute about 99.5% of cases in screening programs 
[13, 77–79]. Nonetheless, more work is required to further 

explore and verify such an AI tool’s effectiveness and reli-
ability before incorporating it into a clinical practice.

Our ML approach based on GRFs indicated that the 
overall mammographic appearance is an important factor 
in analysing difficult-to-interpret NCs. From the total of 34 
features, 20 features showed statistically significant differ-
ence between difficult- vs easy-to-interpret NCs (p < 0.05, 
Table 2). Nevertheless, when the combined 34 features were 
used for the ML-based predictive models, more redundant 
features were discovered, resulted in six helpful GRFs in 
describing difficult-to-interpret NCs based on their impor-
tance scores (Fig. 4 and Table 3). The MLO- rather than the 
CC-derived parameters appeared to be more valuable which
may be linked to the MLO-based GRFs involving more
breast tissue including the pectoral muscle. This finding,
though, needs further investigation by larger future studies.

Some limitations of this study should be acknowledged. 
The prevalence of NCs in the BREAST test sets used in this 
study was lower than the real clinical practice. Also, this  
first proof-of-concept study only examined 34 mammogra-
phy-based handcrafted GRFs’ ability in predicting difficult-
to-interpret NCs based on the average difficulty scores of 
all readers. Moreover, determining important GRFs based 
on the scree test [73] (Fig. 4b, c) was less clear cut for the 
CC model when compared to the MLO. Future works should 
explore other potential useful CC-based GRFs (e.g., fea-
ture no. 30, 14, 16, and 27) and type of radiomic features  
(e.g., local handcrafted or deep learning features) and using 

Table 3   List of important global radiomic features based on the machine learning models

CC craniocaudal, FOS first order statistics, GLCM gray level co-occurrence matrix, MLO mediolateral oblique, NGTDM neighbourhood gray tone 
difference matrix, ROI multiple regions of interests defined by the lattice-based approach covering the entire breast image, SQ largest square rec-
tangular box inscribed within breast, Std standard deviation
a Features with highest importance score based on the CC / MLO models

Feature no. Name Models Feature class Importance 
scores

Mean scores Description

11 ROI_Std_Sum_entropy_3 CC GLCM [57, 58] 1.25 1.25 Describing the sum of randomness in the 
gray level distribution of the image

21 SQ_Difference_variance_9 CC GLCM [57, 58] 0.94 Measuring heterogeneity that places higher 
weights on differing intensity level pairs 
that deviate more from the mean

33 SQ_Range_all CC FOS [58, 59] 1.57a Describing the difference between maxi-
mum and minimum of image gray level 
values

1 ROI_Std_Correlation_3 MLO GLCM [57, 58] 2.03a 1.39 Measuring similarity or linear dependency 
of gray level values between the two 
neighbouring pixels and representing the 
image’s smoothing gradient of texture 
pattern

7 ROI_Std_Homogeneity_3 MLO GLCM [57, 58] 1.10 Measuring the closeness of the distribution 
of elements in the GLCM to the GLCM 
diagonal

30 SQ_Coarseness_9 MLO NGTDM [58, 59] 1.03 Measuring average difference between the 
center pixel and its neighbourhood and is 
an indication of the spatial rate of change

Fig. 5   Comparison of difficulty level between low-BD (A&B) vs 
high-BD (C&D) normal cases. No statistically significant difference 
in the difficulty level was found between the two groups (H(1) = 0.14, 
p = 0.709). A = Fatty: 0–25% glandular, B = Fibroglandular: 25–50% 
glandular, BD = breast density, C = Heterogenous: 51–75% glandular, 
D = Extremely dense: 76–100% glandular
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equipment from other imaging vendors (e.g., Canon, Canon 
Medical Systems Corporation, Otawara, Tochigi, Japan). 
Finally, separate models for predicting difficult cases of 
readers at various experience levels should be investigated.

Conclusions

Our findings suggested that quantitative GRFs extracted 
from mammograms are helpful for accurately distinguish-
ing difficult- from easy-to-interpret NCs, denoting the 
importance of global gist in making a diagnostic decision. 
Six important features from the classification models were 
recognised and highlighted. Our findings could be useful 
for radiology educations and mammography screening pro-
grams in creating more predictable test sets, and reliable 
and effective objective measurement of the recall rate per-
formance of each reader and screening program over time, 
as well as optimising single and double reading practice.
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4.9 Chapter findings 

This Chapter 4 indicated that global radiomic features extracted from mammograms had the 

ability to discriminate difficulty- from easy-to-interpret normal cases of radiologists with 

varying experience in mammographic interpretation (AUCs of up to 0.71). Six important 

features for predicting these cases were identified and these features were sum entropy, 

difference variance, range, correlation, homogeneity, and coarseness. It was also reported that 

correlation between breast density and difficulty scores of these cases was not statistically 

significant. 
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5.1 Chapter introduction 

The findings from the previous Chapter 4 indicate that there was a value in mammography-

based global radiomic features (driving the global gist signals - Chapter 3) for predicting 

difficult-to-interpret normal cases of average readers with diverse levels of mammographic 

reading experience (peer reviewed journal article). Similarly, the effectiveness of these global 

mammographic radiomic features in describing difficulty-to-interpret normal cases for expert 

radiologists with more than 20 years of experience reading mammograms, was also uncovered 

(conference proceedings - Appendix 1.5). Nonetheless, their ability in explaining highly 

difficult normal cases specifically for radiology trainees who possess limited skills in 

processing global images and experience in reading mammograms, has had limited study (as 

per the results of the literature review - Chapter 2), when there is a value of gist for readers’ 

expertise development.  

Building on the above findings, the purpose of this Chapter 5 is to examine if hardest-to-

interpret normal cases of radiology trainees can be predicted using global mammographic 

radiomic features (same features used in Chapter 4) and if there are any best helpful features at 

explaining these cases for this cohort. Association between BI-RADS breast density and 

difficulty scores of these normal cases is also examined since BI-RADS breast density category 

has often been used as the predictor of case difficulty when generating educational test sets. 

This study is particularly crucial for enhancing and expediting radiology trainees’ learning so 

that personalised mammographic education test sets curation for radiology trainees can be 

developed according to the final objective 4 in the introduction (Chapter 1).  

The paper in this chapter has been submitted for publication in the Journal of Imaging 

Informatics in Medicine and is currently under review.  

Abstract has been accepted and will be presented at Radiological Society of North America 

(RSNA) 2024 Annual Meeting, 1-5 December, McCormick Place, Chicago, IL, United States 

(Appendix 1.7). 
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A machine learning model based on global mammographic radiomic features can 
predict which normal mammographic cases radiology trainees find most difficult 

 

Abstract 

This study aims to investigate whether global mammographic radiomic features (GMRFs) can distinguish hardest- 
from easiest-to-interpret normal cases for radiology trainees (RTs). Data from 137 RTs were analysed, with each 
interpreting seven educational self-assessment test sets comprising 60 cases (40 normal and 20 cancer). The study 
only utilized normal cases (n=280). Difficulty scores were computed based on the percentage of readers who 
incorrectly classified each case, leading to their classification as hardest- or easiest-to-interpret based on whether 
their difficulty scores fell within and above the 75th or within and below the 25th percentile, respectively (resulted 
in 140 cases in total used). 59 low-density and 81 high-density cases were identified. 34 GMRFs were extracted 
for each case. A random forest machine learning model was trained to differentiate between hardest- and easiest-
to-interpret normal cases and validated using leave-one-out-cross-validation approach. The model’s performance 
was evaluated using the area under receiver operating characteristic curve (AUC). Significant features were 
identified through feature importance analysis. Difference between hardest- and easiest-to-interpret cases among 
34 GMRFs and in difficulty level between low- and high-density cases was tested using Kruskal-Wallis. The 
model achieved 0.75 AUC with cluster prominence and range emerging as the most useful features. 15 GMRFs 
differed significantly (p<0.05) between hardest- and easiest-to-interpret cases. Difficulty level among low- vs 
high-density cases did not differ significantly (p=0.12). GMRFs can predict hardest-to-interpret normal cases for 
RTs, underscoring the importance of GMRFs in identifying most difficult normal cases for RTs and facilitating 
customized training programs tailored to trainees learning needs. 
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1. Introduction 

Female breast cancer (BC) stands as one of the leading causes of cancer-related mortality worldwide [1]. 
Mammographic screening programs, aimed at early detection of BC, have been shown to significantly reduce BC 
mortality rate by up to 40% [2]. However, interpreting mammograms is a challenging task susceptible to errors, 
and relying primarily on technological advancements is insufficient to mitigate or address these challenges [3]. 
Previous studies have reported that correctly interpretating normal cancer-free mammograms can also be highly 
difficult for readers with inadequate mammographic reading experience such as radiology trainees (RTs) [4, 5]. 
The capability of readers including RTs to accurately interpret screening mammograms plays a pivotal role in the 
efficacy of breast screening programs. Despite efforts to propose criteria for screen reader certification aimed at 
reducing diagnostic variability among readers, none of the current guidelines for these criteria serve as strong 
predictors of reader performance [6, 7]. As a result, wide inter-reader variability persists, highlighting the critical 
need to prioritize education and training for readers, especially for less experienced readers like RTs, in this 
domain [6-9]. Given that normal cases comprise over 99% of all cases in breast screening programs [10, 11], 
along with the fact that false positive screening results cause huge healthcare costs of nearly US$3 billion yearly 
(in the United States as an example) and psychological distress to patients due to unnecessary recalls involving 
invasive procedures [12], it is imperative that education strategies are prioritized to give extra attention to normal 
cases. 

Studies from medical image perception and basic vision science demonstrate that exposing RTs to large 
mammographic normal cases via test set training programs, often containing nearly 70% of normal cases in a test 
set, can enhance their expertise development in interpreting normal cases [13-15]. Still, the present test set curation 
process using experts’ or individual’s perception of case difficulty via the breast imaging and reporting data 
system (BI-RADS) breast density and/or benign features are unreliable predictors of normal cases’ difficulty 
among RTs [11, 16-18]. Therefore, there is a strong demand for a more systematic approach of predicting RTs’ 
difficult normal cases so that customized mammographic training test sets for RTs can be facilitated while their 
false positive errors can be better monitored and improved. 

The process of interpreting medical images necessitates the development of capabilities for globally processing 
images. Earlier studies showed that individuals with less experience such as RTs, often lack the ability to swiftly 
process the global clues indicative of abnormalities [19]. To investigate this further, we designed an experiment 
protocol to gather the initial impressions of radiologists regarding the abnormality of a case, known as the gist 
signal [19-21]. This signal not only indicates a current cancer case [22] but also serves as a predictor of future BC 
[21]. Moreover, recent research in radiomics has shown that quantitative global mammographic radiomic (or 
computer extract image) features align closely with the holistic perceptual information gleaned from radiologists’ 
rapid first impressions about the presence of an image abnormality or global gist signal [20, 23]. This signal has 
proven valuable in guiding visual searches and aiding in making diagnostic decisions when interpreting 
challenging mammographic cases [11, 22, 24].  

Radiomic features capture various aspects of the mammogram, including texture, intensity, and spatial 
relationships, providing comprehensive information about the underlying tissue characteristics [25, 26]. Radiomic 
features have been the subject of systematic investigation in previous works, where local radiomic features were 
utilized to identify missed mammographic masses and false positive location errors of RTs, achieving an area 
under receiver operating characteristic curves (AUC) of up to 0.61 [4, 5]. More recent studies [11, 16] have 
revealed that using global mammographic radiomic features (GMRFs), most difficult/easiest normal cases for 
readers in general and experienced radiologists can be accurately predicted (AUCs of up to 0.73). However, to 
date, there has been no study exploring whether GMRFs can specifically predict hardest- from easiest-to-interpret 
normal cases for RTs. Considering the fact that RTs are still developing their holistic processing capabilities 
compared to experienced radiologists [13, 21, 22, 24], this paper explores whether GMRFs can serve as reliable 
predictors specifically for hardest-to-interpret normal cases for RTs. It also seeks to recognise if there are any 
specific significant GMRFs that denote the hardest-to-interpret normal cases for RTs. Knowing these could be 
valuable not only in the training programs’ test set curation process of most difficult normal cases for RTs but 
also facilitating their expertise development in recognising normal image features that could be most difficult for 
them often resulting in false positive errors. This is so that their specific skills in perceiving the global signature 
of normality can be well developed since RTs are generally not as good at recognising the normal features as 
compared to experienced radiologists [13, 24, 27].  
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Furthermore, since the current approach to curating test sets relies on experts’ opinions regarding case difficulty, 
primarily using breast density as a surrogate metric [11, 16-18], we also examine if a significant difference exists 
in difficulty level between low-density (BI-RADS category A = fatty and B = fibroglandular) and high-density 
(category C = heterogeneous and D = extremely dense) normal cases. 

2. Materials and Methods

2.1 Readers 

Ethical approvals of this research were acquired from the University of Sydney’s Human Research Ethics 
Committee [protocol no. 2019/013 and 2017/028], which included obtained written informed consent from each 
reader participating in the study.  

A total of 137 Australian and New Zealand RTs who participated in the BREAST (Breastscreen REader 
Assessment STrategy) program [28] from 04 September 2014 to 23 February 2021 were included in the study. 
The mean age of the readers was 33 based on the age details provided by 116 RTs while 21 did not provide their 
age details. In total, 19% of the readers engaged in the program through a radiology/BC conference/workshop in 
a simulated reading room while 81% completed the program online through the BREAST platform (https://breast-
australia.sydney.edu.au/) at their usual clinical workplace. Reading conditions in both settings were equivalent 
with cases being presented on two 5-megapixel medical standard monitors including ambient light levels range 
of 20-40 lux [29]. RTs generally had less than 1 year experience reading mammograms (59%), read less than 20 
mammographic cases per week (79%), and spent less than 4 hour per week reading mammograms (96%). Also, 
16 readers (12%) completed a fellowship in breast imaging that lasted for 3 to 6 months and had any experience 
reading images for a national breast screening program (Table 1). 

2.2 Mammographic normal cases 

This retrospective study includes data from readers that completed seven BREAST test sets, each comprising 60 
de-identified full-field digital mammographic (FFDM) cases, with 40 cases being cancer-free and 20 cases 
indicating cancer. For the purpose of this investigation, only normal cancer-free cases were included. Thus, a total 
of 280 normal FFDM cases (comprised of four images per case: two bilateral craniocaudal/CC and two 
mediolateral oblique/MLO views) acquired from screening asymptomatic women aged between 40 to 75 
(mean/median = 57, standard deviation = 7, and range = 33 based on the age details of 130 women/cases while 
ages of 10 women were not available due to anonymization process), were utilized. These cases were collected 
from various mammography machines, including Fujifilm (Fujifilm Corporation, Minato City, Tokyo, Japan), GE 
(GE Healthcare, Chicago, IL, USA), Hologic (Hologic, Inc., Marlborough, MA, USA), Philips (Philips 
Healthcare, Amsterdam, the Netherlands), Sectra (Sectra, Linköping, Sweden), and Siemens (Munich, Germany). 
Each normal case’ ground truth underwent confirmation of cancer free status by at least two independent expert 
radiologists, each possessed over 20 years of experience, with validation through subsequent negative screen 
outcomes.  

2.3 Categorising hardest- vs easiest-to-interpret normal cases 

To categorise normal cases as hardest- vs easiest-to-interpret, we initially calculated difficulty scores for each of 
the 280 normal cases using the Royal Australian and New Zealand College of Radiologists (RANZCR) scoring 
system [28] provided by the 137 RTs. A RANZCR score of 1 represents a normal case while a score of 2 indicates 
that RTs considered the case as benign. Scores of 3, 4, or 5 signify an equivocal or malignant finding observed by 
the readers with higher numbers indicating a greater confidence of disease presence. Difficulty scores were 
computed by dividing the number of RTs who misclassified a normal case as cancer (provided a rating of 3, 4, or 
5) by the total number RTs who read the test set. Subsequently, the 280 normal cases were then classified as
hardest- and easiest-to-interpret cases based on the 75th and 25th percentiles of the cases containing the highest
and lowest difficulty scores, correspondingly. This resulted in 70 hardest- and 70 easiest-to-interpret normal
cases, totalling of 140 normal cases/560 DICOM images combined. To ensure a clear distinction between the
most and least difficult normal cases in order to enable optimal features learning for our machine learning model,
only images in the upper and lower quartiles were used for further analysis. Normal cases in these two categories
also resulted in a total of 59 low-density (35 hardest- and 24 easiest-to-interpret) and 81 high-density normal cases
(35 hardest- and 46 easiest-to-interpret).
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2.4 Global radiomic feature/score per case 

To obtain a global radiomic feature/score for each of the 140 normal cases, a total of 34 quantitative GMRFs of 
560 images belong to 140 cases extracted from the previous study [11] were used. Details about the GMRFs 
extraction method can be found in the previous study [11]. Briefly, from the 560 DICOM images, we first 
generated 560 binary masks using a standardised gray level threshold value set at 100 (manual adjustments on the 
value were also performed where needed) to extract the required breast region from its background while 
eliminating unwanted artefacts and labels. After that we converted the DICOM images and masks to a TIFF file 
format, flipped all the right CC and MLO images to the left to have consistent left side chest wall on all images, 
and cropped the TIFF images and masks based on the maximum size of breast region. These cropped TIFF images 
and masks were used as input for the radiomic analysis - Figure 1. We then outlined the region of interest on the 
images using the lattice-based/ROI (multiple regions of interests covering the entire breast image) [30] and 
squared-based/SQ (largest square rectangular box inscribed within breast) [31] approaches. The 34 handcrafted 
GMRFs/scores per image were afterward extracted based on the region of interest delineated using our in-house 
MATLAB platforms and then normalised to calibrate image intensity mean to zero and standard deviation to one 
using a common z-score normalisation method [32]. The extracted GMRFs of 4 images (i.e., 2 CC and 2 MLO 
images) belonging to that case were then combined and averaged to obtain one global radiomic feature/score per 
case.  

The 34 GMRFs consisted of 30 gray level co-occurrence matrix/GLCM-based Haralick texture features [33], 2 
neighbourhood gray tone difference matrix/NGTDM-based texture features [34], and 2 first-order statistics/FOS-
based features [25] (Table 2 and Figure 1). These features were chosen because of their usefulness in describing 
mammographic appearances in measuring the contrast values of spatial inter-relationships between neighbouring 
pixels (GLCM and NGTDM) and the distribution of single pixel intensity value within the image region of interest 
(FOS) [25, 33]. 

2.5 Model building 

For the task of differentiating between normal cases that are hardest- and those of easiest-to-interpret for RTs, a 
random forest machine learning model was built using the averaged 34 GMRFs feeding through MATLAB 
ensemble of decision trees boosted with the adaptive logistic regression method (i.e., LogitBoost). The random 
forest with boosting approach was chosen due to its ability to produce explainable model with automatic 
estimation of feature importance and its built-in feature selection approach which could minimise features 
overfitting and potential selection bias problems [35]. Important GMRFs were recognised based on the analysis 
of feature importance scores using MATLAB’s predictor importance algorithm, which also helps in identifying 
and mitigating redundant and biased features. Feature importance scores indicate how significant each feature was 
in the dataset when building the predictive model with larger value means larger effect the features had on the 
model in predicting hardest- from easiest-to-interpret normal cases of RTs (Figure 1). 

2.6 Statistical analysis and validation 

In order to examine the performance of the model on our data and to maximise the use of the available data for 
both training and validation, we trained and validated the model using the resampling leave-one-out-cross-
validation (LOOCV) approach (an unbiased, dependable, and accurate validation method for assessing a machine 
learning model’ generalisation performance) [36]. Each time when training the model, all cases were used, except 
one case which was left out and used once as a test set to validate the model’s predictive performance. We repeated 
this process 140 times (as per the total number of the normal cases we had) until each case was left out and used 
once as a test set. The model’s performance was then evaluated based on how accurately it predicted the left-
out/unseen case in each repetition, providing effectively estimation of how well the model generalises to the 
unseen cases. The overall performance of the model for discriminating hardest- from easiest-to-interpret normal 
cases of RTs was assessed using the AUC. 

A Kruskal-Wallis test was employed to investigate if the 34 GMRFs differed between hardest- and easiest-to-
interpret normal cases of RTs, and if difficulty level differed among low- vs high-density normal cases of RTs. A 
p-value of less than 0.05 was considered statistically significant.

Moreover, a scree test of exploratory factor analysis [37] was used to determine the usefulness of the GMRFs 
based the sum of their importance scores from the model.  
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Radiomics and statistical analysis were performed using MATLAB R2022a (MathWorks, Natick, Massachusetts, 
USA). 

3. Results

3.1 Global mammographic radiomic features predicting difficult normal cases of radiology trainees 

The overall performance of the machine learning classification model for differentiating hardest- from easiest-to-
interpret normal cases of RTs using GMRFs is shown in Figure 2, which indicates an AUC of 0.75 (95% 
confidence interval: 0.67-0.83). 

3.2 Significant global mammographic radiomic features and breast density of difficult normal cases 

Table 2 shows that 15 out of the total 34 GMRFs had a statistically significant difference between hardest- vs 
easiest-to-interpret normal cases of RTs with p < 0.05.  

Table 2 and Figure 3 show the significant GMRFs based on their importance scores derived from the predictive 
machine learning model. Out of the 34 features, when comparing each feature’s total importance scores ranking 
from the highest to the lowest, two important features were recognized. These features were 
SQ_Cluster_prominence_9 (feature# 31) of GLCM, and ROI_Std_Range_all (feature# 16) of FOS. Cluster 
prominence measures the skewness and asymmetry of the GLCM [33]. Range describes the difference between 
maximum and minimum of image gray level values [25].  

Figure 4 revealed that the difficulty of fatty or low-density normal cases does not significantly differ from that of 
dense or high-density cases (p-value = 0.12), with low-density cases appearing to be more challenging for RTs, 
albeit non-significant. 

4. Discussion

In this proof-of-concept study, we explored 1) if using a set of global handcrafted radiomic or computer-extracted 
image features derived from mammograms, hardest- vs easiest-to-interpret normal cancer-free cases of RTs can 
be classified, and 2) whether any of these features are useful in this classification task.  

Previous works [4, 5] recognized the usefulness of local radiomic features in identifying missed mammographic 
masses and false positive location errors of RTs, obtaining up to 0.61 AUC. Other later studies [11, 16] indicated 
the value of GMRFs in predicting most difficult-to-interpret normal cases of general and experienced radiologists 
(over 20 years of experience reading mammograms), attaining up to 0.73 AUC. Building on these recent research 
outputs [11, 16], we explored feasibility of using GMRFs in describing RTs’ hardest- vs easiest-to-interpret 
normal cases based on the hypothesis that the image characteristics of these two categories’ cases are diverse. In 
addition, the results from our machine learning classifier revealed similar findings in that GMRFs had the ability 
to distinguish between hardest- from easiest-to-interpret normal cases of RTs, achieving an AUC of 0.75 (95% 
CI: 0.67-0.83) - Figure 2. This finding affirms the importance of GMRFs in predicting hardest-to-interpret normal 
cases for less experience readers like RTs (Table 1).  

Mammographic breast density using BI-RADS category are often employed as a surrogate measure in assessing 
difficult normal cases for RTs, where cases with higher density are regularly considered to be more difficult to 
interpret [17, 38]. However, studies have shown that breast density category details alone may not be completely 
reliable for predicting difficult/easy normal cases of radiologists including RTs [11, 39]. In line with these 
findings, the results from our dataset confirmed that BI-RADS density categories were not strongly correlated 
with difficulty scores - Figure 4. Our GMRFs relating to hardest-to-interpret normal cases of RTs therefore may 
be used to provide supplementary clinical image information (in addition to BI-RADS breast density class) about 
most difficult features that RTs are likely to commit a false positive error. Also, since RTs find recognising normal 
image features challenging [13, 14], our findings could therefore aid their screening mammographic interpretation 
expertise development in recognising hardest and easiest breast features of normal cases which could then 
facilitate automatic hardest and easiest normal cases test set curation for customized education/training programs. 
Using the proposed model, we can create customized test sets tailored to the specific learning needs of trainees at 
different stages of their careers. For example, early-stage trainees could be presented with easier cases to build 
foundational skills, while more advanced trainees could be challenged with harder cases that reflect real-world 
complexities. This customized test set curation would allow for targeted education and training programs that 
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align with the trainees’ current skill levels, helping them to progress more effectively through their learning 
journey. 

Interestingly, when comparing two groups based on a single GMRF, 15 out of 34 features showed a statistically 
significant difference between hardest- and easiest-to-interpret normal cases of RTs (p < 0.05). However, when 
examining the 34 features together through our machine learning classifier, only two features (cluster prominence 
and range) were found to be most useful in describing RTs’ hardest- from easiest-to-interpret normal cases (Table 
2 and Figure 3). Range, in particular, has also been discovered to be a valuable feature in previous studies [11, 
20] highlighting the significance of range in various classification tasks among different groups of readers (e.g.,
categorising hardest- from easiest-to-interpret normal cases of readers in general as well as RTs). While cluster
prominence was not found to be an important feature in the previous work [11, 20], in this dataset, we observed
that more difficult cases, which resulted in false positive errors more frequently, exhibited higher cluster
prominence which is a measure of the skewness and asymmetry of the GLCM. This suggests that cluster
prominence may be an important marker of highly challenging cases for RTs. A higher value of cluster
prominence implies more asymmetry about the mean in the GLCM, while a lower value indicates a peak near the
mean value and less variation about the mean. Intuitively, cluster prominence refers to the extent to which clusters
of pixels within an image stand out from their surroundings. In other words, it measures the distinctiveness of
clusters within the image with a higher cluster prominence value indicates that clusters are more salient or
prominent within the image. In the context of our study, normal cases with higher cluster prominence value pose
greater difficulty for trainees. Trainees may struggle with these cases because the heightened prominence of
clusters within the image makes it more challenging to distinguish between normal tissue and potential
abnormalities, resulting in false positive annotations. Although the features may be abstract in nature and not
directly visible to humans, they could be quantitatively measured using our radiomics approach and used as
educational tools to teach and/or alert RTs that the higher the value of cluster prominence, the harder the case
could be for RTs, increasing the chance of them making a false positive error. Furthermore, creating an alert
system based on these features and educating RTs about these correlations can improve their ability to recognize
difficult normal cases and enhance decision-making in clinical practice. Nonetheless, more studies are needed to
further examine the effectiveness and reliability of these features.

This study also has a few limitations that should be recognised. It was a proof-of-concept study examining the 
efficacy of 34 handcrafted GMRFs [11] in identifying the hardest- from easiest-to-interpret confirmed cancer-
free normal cases of 137 RTs (mostly with less than 1 year of experience reading mammograms) specifically. 
Only normal cases were included in the study which contained only those that had difficulty scores of greater than 
or equal to the 75th percentile (hardest-to-interpret) and less than or equal to the 25th percentile (easiest-to-
interpret). LOOCV approach [36] was used to train and validate the model in order to maximise the use of the 
available data. The GMRFs were extracted from the region of interest delineated using the lattice-based [30] and 
squared-based [31] approaches. Future research should explore other approaches of identifying region of interest 
(e.g., retroareolar region), validating the model (e.g., holdout method [36]), employing other difficult normal cases 
with difficulty scores falling outside the included range (e.g., scores that are less than the 75th percentile and 
greater than 25th percentile), and radiomic analysis involving local and/or deep learning features [26, 40]. 

5. Conclusions

In conclusion, in addition to previous research [11, 20], our work highlights the importance of GMRFs for 
classifying hardest- from easiest-to-interpret normal cases of RTs with two important features (cluster 
prominence and range) being identified. Our findings could be useful for developing RTs’ interpretation expertise 
in identifying most difficult image features of normal breast cases as well as enabling automatic and tailored test 
set curation of the most difficult cases for RTs’ education/training programs. 
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6. Abbreviations

AUC Area under receiver operating characteristic curves 
BC Breast cancer 
BI-RADS Breast imaging and reporting data system 
BREAST Breastscreen REader Assessment STrategy 
CC Craniocaudal 
FOS First-order statistics 
GLCM Gray level co-occurrence matrix 
GMRFs Global mammographic radiomic features 
MLO Mediolateral oblique 
NGTDM Neighbourhood gray tone difference matrix 
RANZCR Royal Australian and New Zealand College of Radiologists 
ROI Multiple regions of interests defined by the lattice-based approach covering the entire breast image 
RTs Radiology trainees 
SQ Largest square rectangular box inscribed within breast 
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8. Table and Figure Legends

• Table 1. Characteristics of readers (n=137)
• Table 2. Extracted global mammographic radiomic features (n=34)
• Figure 1. Radiomics workflow. 1). Input mammographic images and masks were acquired. 2). Region

of interest (yellow colour region) was delineated using lattice- and squared-based approaches. 3). A set
of 34 global mammographic radiomic features (GMRFs)/scores per image were extracted from the
yellow region of interest, then standardised to have image intensity mean equal to zero and standard
deviation equal to one. The extracted GMRFs of four images belonging to each of the 140 cases were
then averaged to obtain one GMRF per case 4). Finally, using the averaged GMRFs, a random forest
machine learning model for differentiating radiology trainees’ hardest- from easiest-to-interpret
normal cases was constructed and assessed.

• Figure 2. Model performance. For discriminating hardest- from easiest-to-interpret normal cases of
radiology trainees, 0.75 AUC (95% confidence interval: 0.67 - 0.83) was achieved by the random forest
machine learning model.

• Figure 3. Scree plot showing significant global mammographic radiomic features. From 34
features, two important features were identified, indicating in the scree plot with the steep slope
occurred after the second highest features (as shown by the red arrow). Those important features,
ranked from the highest to the lowest important scores, were: 1). SQ_Cluster_prominence_9 (feature#
31) of GLCM, and 2). ROI_Std_Range_all (feature# 16) of FOS. FOS = first order statistics, GLCM =
gray level co-occurrence matrix, ROI = multiple regions of interests defined by the lattice-based
approach covering the entire breast image, SQ = largest square rectangular box inscribed within breast.

• Figure 4. Breast density comparison. Non statistically significant difference (p = 0.12) in the
difficulty level was found between low-density and high-density normal cases of radiology trainees.
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Table 1. Characteristics of readers (n=137) 

Mean years of age (derived from 116 radiology trainees’ age details 
while 21 radiology trainees did not provide their age details) 

33 

N % 
Country 

Australia 135 99 
New Zealand 2 1 

Location at the time of engaging with the BREAST program 
At a workshop or conference 26 19 
At a clinic 111 81 

# of years reading mammograms 
Less than 1 81 59 
1 to 5 53 39 
6 to 12 3 2 

# of mammographic cases reading per week 
Less than 20 108 79 
20 to 200 28 20 
More than 200 1 1 

# of hours per week spent reading mammograms 
Less than 4 131 96 
4 to 30 5 4 
More than 30 1 1 

# of readers completed a fellowship lasted for 3 to 6 months 
Completed fellowship 16 12 
Did not complete fellowship 119 87 
Not specified 2 1 

# of readers read for breast screening program 
Yes 16 12 
No 121 88 
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Table 2: Extracted global mammographic radiomic features (n=34) 

Feature no. Feature name p-value Feature 
importance 
score 

Feature 
category 

Parameters 

1 ROI_Std_Correlation_3 0.207 0.229 GLCM 3-pixel distance between the pixel of
interest and its neighbour2 ROI_Std_Difference_entropy _3 0.775 0.104 

3 ROI_Std_Dissimilarity_3 0.218 0.134 
4 ROI_Std_Difference_variance_3 0.688 0.166 
5 ROI_Std_Energy_3 0.475 0.038 
6 ROI_Std_Entropy_3 0.621 0.112 
7 ROI_Std_Homogeneity_3 0.209 0.238 
8 ROI_Std_Information_measure_of_correlation1 _3 0.654 0.129 
9 ROI_Std_Information_measure_of_correlation2 _3 0.663 0.234 
10 ROI_Std_Maximum_probability_3 0.462 0.217 
11 ROI_Std_Sum_entropy_3 0.086 0.410 
12 ROI_Std_Sum_variance_3 0.558 0.039 
13 ROI_Std_Coarseness_3 0.869 0.409 NGTDM 3x3 neighbourhood size 
14 ROI_Std_Cluster_prominence_3 0.756 0.493 GLCM 3-pixel distance between the pixel of

interest and its neighbour15 ROI_Std_Cluster_shade_3 0.905 0.353 
16 ROI_Std_Range_all 0.003^ 0.759* FOS n/a 
17 ROI_Std_Sum_of_squares_variance_9 0.555 0.225 GLCM 9-pixel distance between the pixel of

interest and its neighbour18 SQ_C orrelation_9 0.028^ 0.132 
19 SQ_Difference_entropy _9 0.000^ 0.083 
20 SQ_Dissimilarity_9 0.000^ 0.290 
21 SQ_Difference_variance_9 0.000^ 0.128 
22 SQ_Energy_9 0.000^ 0.171 
23 SQ_Entropy_9 0.000^ 0.098 
24 SQ_Homogeneity_9 0.000^ 0.049 
25 SQ_Information_measure_of_correlation1 _9 0.001^ 0.270 
26 SQ_Information_measure_of_correlation2 _9 0.000^ 0.284 
27 SQ_Maximum_probability_9 0.000^ 0.414 
28 SQ_Sum_entropy_9 0.901 0.458 
29 SQ_Sum_variance_9 0.000^ 0.296 
30 SQ_Coarseness_9 0.002^ 0.333 NGTDM 9x9 neighbourhood size 
31 SQ_Cluster_prominence_9 0.325 0.778* GLCM 9-pixel distance between the pixel of

interest and its neighbour32 SQ_Cluster_shade_9 0.068 0.124 
33 SQ_Range_all 0.002^ 0.479 FOS n/a 
34 SQ_Sum_of_squares_variance_9 0.000^ 0.059 GLCM 9-pixel distance between the pixel of

interest and its neighbour
^features (n=15) showing statistically significant difference (p-value < 0.05) between hardest- and easiest-to-interpret normal cases of radiology 
trainees. 
* and highlighted in grey = important features (n=2) from the machine learning classifier. The higher importance score means the more useful the
features were for the classifier.

Abbreviations:  
FOS = first order statistics, GLCM = gray level co-occurrence matrix, NGTDM = neighbourhood gray tone difference matrix, n/a = not applicable, ROI 
= multiple regions of interests defined by the lattice-based approach covering the entire breast image, SQ = largest square rectangular box inscribed 
within breast, Std = standard deviation. 
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Figure 1 
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Figure 2 
 

 
  

91



Page 16 of 17 

Figure 3 
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Figure 4 
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5.9 Chapter findings 

The results from this Chapter 5 underlined the efficacy of global mammographic radiomic 

features in distinguishing between hardest- and easiest-to-interpret normal cases of radiology 

trainees, achieving an AUC of 0.75 with cluster prominence and range recognised as helpful 

features. In addition, no statistically significant relationship between breast density and 

difficulty scores of this cohort’s cases was observed. 
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6.1 Chapter introduction and overview of the thesis 

For recent decades, educational and self-assessment training programs have been widely 

utilised globally for monitoring and enhancing clinical radiologists’ (including radiology 

trainees) skills and performances in interpreting breast screening images [1-7]. However, the 

current process of curating difficult normal cases for educational mammographic test sets still 

relies heavily on the expert radiologists’ manual and subjective assessment using the classic 

breast density BI-RADS category and benign features [8-16]. This standard method appears to 

be inconsistent and unreliable as it fails to provide comprehensive descriptors of the actual 

normal case difficulty and false positive errors of the individual based on their performance in 

the test sets, leading to inadequate achievement of radiologists’ training requirements [11, 13, 

14, 17-19]. It is thus extremely necessary to understand what makes a normal case difficult and 

causes false positive errors to occur for these readers, not only for improving the curation of 

the educational test sets but also enhancing and expediting their skills in recognising normality 

features. 

Additionally, extensive evidence highlights the significance of radiomics analysis (computer-

extracted image features) in mammography and global gist signal (radiologists’ holistic quick 

impression about a mammogram’s abnormality) in guiding visual searches and informing 

diagnostic decisions when reading difficult cancer cases [20-23]. Global gist signal has also 

been shown to be important for mammogram readers’ expertise development [24] and lacking 

the ability to capture this signal or in some cases where this signal is poorly perceived could 

result in diagnostic errors [25, 26]. Albeit global gist signal appears to have poor intra- and 

inter-observer reliability, its value in mammographic interpretation is considerable [24-33]. 

Therefore, with the value of radiomics in describing mammographic characteristics [34-38], 

there is a strong need for a reliable predictor for global gist signal using radiomics technique.  

For enhancing training in radiology, a small number of studies were conducted using computer 

algorithms to model and predict error making patterns of readers [18, 39-45] but they 

predominantly concentrate on false negative errors and false positive errors or difficult normal 

cases have inadequate investigation. A few AI tools including using radiomics analysis were 

also proposed to predict error making patterns (such as missed mammographic masses and 

false positive location errors) of readers and their difficult cases (e.g., biopsy-proven masses) 

[40, 43, 46-49]. These tools, nonetheless, lack focus on more difficult normal cases to 
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complement readers’ mammographic interpretation skills, alert readers about the difficult cases 

for suitable reading strategy such as double vs single reading and/or senior vs junior reader, or 

improve mammographic educational test sets especially [12, 50-52]. Studies that dedicated to 

mammographic radiomics method [40, 43, 49] also only focus on radiology trainees using a 

small dataset (e.g., up to 10 trainees and 3 experts, and 100 mammographic cases) and only 

employing local radiomic features while global radiomics features have been insufficiently 

examined [20, 53, 54]. 

To date there appears to be no study conducted in examining the efficacy of mammographic 

features derived from a novel global radiomic analysis for improving the process of generating 

educational mammographic test sets. Hence, for the first time, this thesis aims to address this 

knowledge gap by firstly exploring if global mammographic radiomic features can predict the 

global gist signal, and if so, which of these features best predict the signals. Secondly, it seeks 

to evaluate whether these global radiomic features from mammograms (driving radiologists’ 

initial impression about the case) can distinguish highly difficult from easy normal cases of 

radiologists with diverse levels of experience, considering almost 70% of cases in the test sets 

are normal [4, 5, 55]. It also attempts to recognise the most valuable features in depicting these 

cases as well as assessing the link between BI-RADs breast density and difficulty scores of 

these normal cases since BI-RADS breast density has been claimed to be the predictor of 

difficult cases when generating educational test sets [11, 18, 19]. Lastly, the final aim of the 

thesis is to investigate further whether, using global mammographic radiomic features 

radiology trainees’ more difficult normal cases can be separated from the easy ones since this 

cohort has insufficient experience in processing global images and interpreting mammograms 

[28, 29, 31, 33, 40, 43]. Plus, it tries to reveal whether any of these features are best in 

distinguishing the cases, and if BI-RADS breast density categories have any associations with 

the cases in this cohort. 

The thesis’ objectives were attained via the three original research studies, presented in 

Chapter 3, 4 and 5. Prior to these original research studies, the literature review (Chapter 2) 

was conducted to identify knowledge gap in the literature guiding curation of radiomic features 

and informing the subsequent three original research investigations.  

The first study (Chapter 3) recruited 13 “gist expert” radiologists (exceptional capability to 

detect reliable and accurate gist of the abnormal) [25] to assess 4191 BreastScreen Australia 

screening craniocaudal mammograms and provide global gist signals/scores (i.e., probability 
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of image abnormality). The collected gist scores were averaged to obtain one gist score per 

image. Images were categorized into high- and low-gist images based on the respective 75th 

and 25th percentile of images having the highest and lowest gist scores. A set of 130 handcrafted 

global radiomic features were extracted and used to build machine learning classifiers to 

discriminate high- from low-gist images. 

The second study (Chapter 4) obtained 120 difficult- and 119 easy-to-interpret normal cases 

based on one-third of cases having the respective highest and lowest difficulty scores 

(percentage of false positives) provided by 537 BREAST readers of widely varying experience, 

interpreting 361 cases. Cases in these two categories also yielded 115 low-BD (BI-RADS 

category A = fatty and B = fibroglandular) and 124 high-BD (C = heterogeneous and D = 

extremely dense). A set of 34 global radiomic features per image were extracted and used to 

build machine learning models for separating difficult- from easy-to-interpret normal cases of 

radiologists.  

The third study (Chapter 5) acquired 70 hardest- and 70 easiest-to-interpret normal cases 

based on the 75th and 25th percentiles of the cases containing the corresponding highest and 

lowest difficulty scores provided by 137 BREAST radiology trainees of limited mammogram 

reading experience, interpreting 280 normal cases. 59 of these cases were recognised as low-

density (BI-RADS category A = fatty and B = fibroglandular) and 81 were high-density (C = 

heterogeneous and D = extremely dense). The 34 global radiomic features of images (from the 

second study [14]) belonging to these two categories cases were used and to obtain one global 

radiomic feature per case, four features of images belonging to that case were averaged. These 

averaged features were then employed to build a machine learning classifier for discriminating 

between hardest- and easiest-to-interpret normal cases of radiology trainees. 

6.2 Key findings of the thesis 

From the literature review, it has been found that limited studies had been conducted using 

global radiomic features derived from mammograms to predict global gist signal and difficult 

normal cases of radiologists and radiology trainees. Radiomic features such as GLCM and FOS 

were commonly used for describing breast cancer’s characteristics, recurrence, and survival. 

These findings had guided the curation of global radiomic features set for and the investigations 

of the subsequent three original studies with some key findings as followed (Figure 6.2). 
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The first key finding of this thesis (Chapter 3) was that a set of global radiomic features 

derived from screening mammograms demonstrated the ability to accurately predict high- (e.g., 

normal images containing a strong gist of the abnormal/false positive) from low-gist images 

(e.g., missed cancer cases having a weak gist/false negative) with AUCs of up to 0.84. From 

the eight machine learning models (All, Normal, Cancer, Prior-1, Prior-2, Missed, Prior-

Visible, and Prior-Invisible), five most important features (cluster shade of texture GLCM, 

standard deviation, skewness, kurtosis, and range of FOS) were identified based on their 

importance scores. In particular, two features, appearing to be the most valuable in predicting 

high- vs low-gist images in almost all the models, were cluster shade (measuring the symmetry 

distribution in an image) and range (describing the difference between 95th and 5th percentile 

of image gray level values). Consistent with previous basic vision science studies [56-61], this 

finding affirmed the importance of texture GLCM and FOS features from mammograms in 

identifying high- vs low-gist images while offering unique insights into the methodology 

advancement of extracting image features using global radiomics analysis.  

The second noteworthy discovery in this thesis (Chapter 4) mirrored the first (Chapter 3), in 

that global mammographic radiomic features (directing radiologists’ initial impression about 

the case) were able to discriminate highly difficult- from easy-to-interpret normal cases of 

clinician radiologists. Six features (sum entropy, difference variance, correlation, and 

homogeneity of GLCM, range of FOS, and coarseness of NGTDM) were the most helpful in 

describing difficult-to-interpret normal cases. Two most useful features, more specifically, 

were correlation (measuring similarity of gray level values between the two neighbouring 

pixels) and range (describing the difference between maximum and minimum of image gray 

level values). Although previous mammographic studies [40, 43, 49] focused on local radiomic 

features of specific tumour or false positive areas to predict error making patterns of radiology 

trainees (AUCs up to 0.63), the reported findings in the thesis emphasised the significance of 

the novel global radiomic analysis in describing difficult-to-interpret normal cases of 

radiologists in general (AUCs of up to 0.71). Furthermore, the findings revealed no evidence 

of BI-RADS breast density classification being the complete/sole predictor of difficult cases 

for radiologists, similar to previous studies [11, 18, 19], when curating educational 

mammographic test sets.  

Correspondingly, the final significant findings based on Chapter 5 of the thesis confirmed 

further that radiomics-driven global mammographic features had the capability to distinguish 
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radiology trainees’ hardest- from easiest-to-interpret normal cases (0.75 AUC). Prior work 

[40, 43, 49] found the value of local mammographic radiomic features in describing error 

making patterns of radiology trainees (AUCs up to 0.63), but they only used a small number 

of readers (up to 10 trainees) and cases (up to 100) and specific important features from their 

models were not studied. The results from this work (using larger dataset, 137 trainees and 140 

cases) provided important discovery of the two best global radiomic features in explaining 

radiology trainees’ hardest- vs easiest-to-interpret normal cases. These features were cluster 

prominence (measuring the skewness and asymmetry of the GLCM) of GLCM and range 

(describing the difference between maximum and minimum of image gray level values) of 

FOS. Interestingly, range has also been found to be an important feature for predicting difficult 

normal cases of general radiologists in the second study (chapter 4) [14], but cluster 

prominence has not. This indicates a novel discovery of cluster prominence feature as an 

important indicator of highly challenging normal cases for naïve radiology trainees. Moreover, 

the study’s findings also aligned with the previous research [11, 14, 18, 19] verifying that BI-

RADS breast density categories were not significantly related to the difficulty radiology 

trainees experienced in the test sets.   
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6.3 Clinical implications 

The novel and valuable methods of global radiomic analysis and innovative discovery of 

specific useful features have provided great contributions to the research field of radiomics 

analysis, medical image perception, radiology education, and screening mammography. 

Precisely, the first findings (Chapter 3) established the correlation between global radiomic 

features and global gist signals, suggesting that a set of features (describing the whole image 

using the novel global radiomic technique) inherent within mammographic images could 

Limited studies around 
global radiomic analysis 
predicting global gist 
signal and difficult 
normal cases. 
 
Common radiomic 
features were GLCM 
and FOS. 
 
 

Global radiomic features 
can predict global gist 
signals (AUCs of up to 
0.84). 
 
Five useful features 
were cluster shade, 
standard deviation, 
skewness, kurtosis, and 
range. 
 

Global radiomic features 
can predict difficult normal 
cases of radiologists (AUCs 
of up to 0.71). 
 
Six important features were 
sum entropy, difference 
variance, range, 
correlation, homogeneity, 
and coarseness. 

 

Global radiomic features 
can predict difficult normal 
cases of radiology trainees 
(0.75 AUC). 
 
Two helpful features were 
cluster prominence and 
range. 

 
No significant relationship between breast density and 
difficulty scores of these cases. 
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Literature review 
(Chapter 2)  
To identify knowledge 
gap to guide curation of 
radiomic features set 
and inform subsequent 
investigation. 
 

Study 1 (Chapter 3) 
To determine global 
radiomic features 
(identified through 
literature review) that 
reliably predict global 
gist signals. 

Study 2 (Chapter 4) 
To examine global radiomic 
features (driving global gist 
signals) that predict 
difficult normal cases of 
radiologists with varying 
levels of experience. 

Study 3 (Chapter 5) 
To explore global radiomic 
features (from study 2) that 
predict difficult normal 
cases of radiology trainees 
with limited experience in 
global image processing 
and mammogram 
interpretation. 

Radiomics  
 
Value of local radiomics 
analysis in describing 
mammographic 
characteristics. 
Importance of global 
radiomics analysis has 
not been well studied. 

Medical Image Perception 

Value of global gist signal 
(holistic image processing) 
in mammogram 
interpretation linking to 
difficult cancer cases. Signal 
can be variable, so reliable 
predictor is needed. 

Value of global gist 
signal in expertise 
development. Lack 
of global image 
processing ability 
linked to diagnostic 
errors.                          

Mammogram Interpretation 
 
- Expert-determined case difficulty and using BI-
RADS breast density are suboptimal for 
educational test set curation.  
- Knowledge about what makes a normal case 
difficult has not been well examined 
- Current AI tools lack focus on more difficult 
normal cases to complement or alert readers.  

Figure 6.2. Summary of thesis’ key findings. To achieve the overall aim of the thesis (green box), 
based on the existing knowledge and gaps (blue), literature review and three original studies were 
conducted (orange) with some key results indicated in the pink boxes. AUC = area under receiver 
operating characteristic curve, BI-RADS = Breast Imaging and Reporting Data System, FOS = First 
Order Statistics, GLCM = Gray Level Co-Occurrence Matrix. 
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provide better understanding about the process behind medical image perception. The global 

characteristics of image abnormality perceived by radiologists can be recognized and described 

through the novel method of global radiomic analysis. The discovery about the five useful 

features (cluster shade of GLCM, standard deviation, skewness, kurtosis, and range of FOS), 

particularly cluster shade and range, has generated new important details about the possible 

computer-extracted mammogram features that direct the strength of the global gist signal. 

These findings are crucial for advancing radiomics technique and could be integrated into 

radiology education and breast screening programs regarding the possible features of false 

positives (e.g., normal images holding strong gist of the abnormal) and false negatives (e.g., 

missed cancer/cancer images having weak gist of the abnormal). Moreover, considering the 

global gist signal has been shown to be effective in enhancing the performance of the modern 

deep learning model for detecting breast cancer in mammography screening, this work could 

serve as a valuable supplement to further refine the model’s accuracy [28, 62]. It could also be 

utilized as an added artificial intelligence tool to alert clinician radiologists to an increased risk 

of both negative and positive cancer findings in screening mammograms if global gist signal 

can be regarded as a breast cancer risk predictor similar to breast density [30-32]. These 

findings could then be used to support and advance early detection and diagnosis of breast 

cancer screening and prediction of future breast cancer risk while reducing diagnostic errors 

and optimising therapy options and survival.  

The second and third discovery (Chapter 4 and 5) also advocates that a set of quantitative 

global mammographic radiomic features (describing the whole image and largest square 

rectangular inscribed within breast) is valuable for radiology education and breast screening 

programs. In particular, from the second findings, the highlighted six helpful features (sum 

entropy, difference variance, correlation, and homogeneity of GLCM, range of FOS, and 

coarseness of NGTDM) especially correlation and range, could offer new and deeper 

comprehensions on the probable image features that could best explain radiologists’ highly 

difficult normal cases. This is crucially important since BI-RADS breast density class presented 

as being an unreliable predictor of normal cases’ difficulty [11, 18, 19]. Hence for radiology 

education benefits, these findings may be utilized to facilitate an automatic and consistent 

approach to assessing most difficult normal cases and to curate more predictable and consistent 

test sets educational materials for radiologists in general. The important features could also be 

incorporated into clinician radiology education, particularly the test set-based ones, to teach 

readers about the potential difficult normal cases’ features that could likely lead to false 
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positive errors. In terms of screening mammography programs, these novel findings could be 

used as an augmented clinical artificial intelligence tool to notify clinical managers about 

difficult/easy normal cases so that appropriate reading strategies (e.g., double/single reading, 

senior/junior reader) could be well implemented [12, 50-52]. Additionally, they can also enable 

a dependable and efficient objective assessment of the false positive recall rate performance of 

each reader and the screening programs longitudinally. This is especially pertinent as the 

correlation between readers' performance in test set-based education and their clinical 

performance suggests a valuable metric for ongoing evaluation [3, 4, 7, 63-65].  

More importantly, radiology trainees with less experience and exposure in interpreting 

mammographic images and processing global images often find it highly difficult to correctly 

interpret normal cancer-free mammograms leading to false positive errors [17, 18, 40, 43]. The 

third/last results (Chapter 5) thus further suggest that global mammographic radiomic features 

are useful for personalised radiology education exclusively for radiology trainees. The 

discovery of two significant features (cluster prominence of GLCM especially, and range of 

FOS) could provide innovative and meaningful insights into possible appearances of highly 

challenging normal cases that could be used to train radiology trainees in recognizing features 

commonly associated with false positive errors. These features can also be used as auxiliary 

clinical image data supplementary to BI-RADS breast density class since BI-RADS alone does 

not completely represent the actual difficulty of the individual within the test set [11, 14, 18, 

19]. This knowledge is useful not only for objective assessment of greatly difficult normal 

cases for the purpose of personalised test set generation of radiology trainees’ training 

programs but also for facilitating their specific expertise development in interpreting screening 

normal mammograms [33, 66-70]. This is so that their false positive errors can be better 

examined, addressed, and improved while their skills in perceiving the global features of 

normality can be developed.  

6.4 Limitations and future directions 

Some limitations about the thesis should be noted. The prevalence of cancer and normal 

images/cases used in the three original studies (Chapter 3-5) from the BreastScreen Australia 

(Study 1, Chapter 3)/BREAST test sets (Study 2-3, Chapter 4-5) was respectively higher and 

lower than the usual clinical practice. In terms of methodology, the studies analysed mostly 

GLCM texture- and FOS-based global mammographic radiomic features extracted using the 
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handcrafted approach. Region of interests for feature extraction were delineated using the 

erosion algorithm (Study 1 Chapter 3), or lattice- and squared-based approaches (Study 2-3, 

Chapter 4-5). Models were built using random forest technique boosted with bootstrap 

aggregation (Study 1, Chapter 3) or adaptive logistic regression method (Study 2-3, Chapter 4-

5). Also, although studies 2 and 3 (Chapter 4 and 5) extracted the global radiomic features from 

both CC and MLO images of normal cancer-free mammograms, the first study (Chapter 3) 

only examined the CC view of both cancer and normal mammograms but not MLOs. In 

addition, sample readers and images (13 readers and 4191 images - Study 1, 537 readers and 

239 cases/956 images - Study 2, and 137 readers and 140 cases/560 images - Study 3) were 

mainly from Australia or New Zealand. The results from the models were also limited by the 

above factors inputted into them.  

Future research should therefore examine other types of images e.g., MLO/bilateral/cancer 

mammograms, and DBT (since gist has been found to be recorded in DBT), other approaches 

to building the models (e.g., XGBoost and neural networks) and defining the region of interest, 

e.g., retroareolar area, and other types of radiomics texture features/analysis, e.g., gray level

run length matrix and local features and/or deep learning analysis [20, 71-73]. Readers with 

different levels of mammographic reading experience and images from other countries may 

result in different gist scores, difficulty scores and global radiomic features which should also 

be investigated.  

Lastly, since gist has been claimed to contain both global and local information about an image 

abnormality [25, 70, 74-76], future research questions arising from the current work could be 

to explore whether combining handcrafted/deep learning global and local features could 

improve the model’s performance. It may also be worth investigating if further added value 

could be observed when integrating mammographic radiomic features with clinical features 

such as breast density, given that this integration has been found to increase predictive accuracy 

[20, 48]. 

6.5 Conclusion 

In conclusion, the results from this thesis have provided original knowledge about the value of 

global radiomic features in offering better understanding around image features associated to 

radiological errors and difficult normal cases of radiologists and radiology trainees when 

interpretating screening mammograms. Eleven important features (six GLCM: cluster shade, 
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sum entropy, difference variance, correlation, homogeneity, and cluster prominence; four 

FOS: standard deviation, skewness, kurtosis, and range; and one NGTDM: coarseness) were 

identified and highlighted.  

These novel findings are crucial for refining educational mammographic test set curation for 

radiologists and radiology trainees and understanding around the process behind medical image 

perception in recognising computer-extracted image features that drive the global gist signals. 

In addition, the findings can be helpful for breast screening programs by enabling reliable and 

effective objective measurement of individual’s and screening programs’ performance over 

time. These outcomes can then contribute to advancing early detection, diagnosis, and risk 

prediction of breast cancer while minimizing errors, optimising reading strategies and 

treatment choices and ultimately enhancing survival rates. 
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 Appendix 1.1 Oral presentation on mammography-based radiomics in breast cancer: a 

scoping review of current knowledge and future needs.  
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a scoping review of current knowledge and future needs. 

 Appendix 1.3 Conference proceedings on predicting the gist of breast cancer on a 

screening mammogram using global radiomic features. 

 Appendix 1.4 Oral presentation on predicting the gist of breast cancer on a screening 

mammogram using global radiomic features. 

 Appendix 1.5 Conference proceedings on global mammographic radiomic signature 

can predict radiologists’ difficult-to-interpret normal cases. 
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predict radiologists’ difficult-to-interpret normal cases. 

 Appendix 1.7 Abstract on enhancing radiology resident training in mammogram 

interpretation: leveraging global mammographic radiomic features to identify difficult 
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Appendix 1.1 Oral presentation on mammography-based radiomics in breast 

cancer: a scoping review of current knowledge and future needs 

This oral presentation was given at: 

 The University of Sydney, Medical Image Optimisation and Perception Group

(MIOPeG), Sydney, Australia, April 2022.

 The University of Sydney, Faculty of Medicine and Health Higher Degree by Research

Conference, Sydney, Australia, July 2022.

This presentation was related to the paper “Mammography-based radiomics in breast cancer: a 

scoping review of current knowledge and future needs” as described in Chapter 2. 
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Appendix 1.2 Poster presentation on mammography-based radiomics in 

breast cancer: a scoping review of current knowledge and future needs  

This poster presentation was given at New South Wales (NSW) Cancer Conference, Sydney, 

Australia, September 2022. 

This presentation was related to the paper “Mammography-based radiomics in breast cancer: a 

scoping review of current knowledge and future needs” as described in Chapter 2. 

114



Predicting the gist of breast cancer on a screening mammogram using 
global radiomic features 

Somphone Siviengphanom*1, Sarah J. Lewis1, Patrick C. Brennan1, Ziba Gandomkar1 
1Medical Image Optimisation and Perception Group, Discipline of Medical Imaging Science, 

Faculty of Medicine and Health, the University of Sydney, Sydney, NSW 2006, Australia 

ABSTRACT 

This study explored if using a set of global radiomic (i.e., computer-extracted) features derived from mammograms could 
predict the gist of breast cancer (holistic perceptual information provided from radiologists’ first impression about the 
presence of an image abnormality after a brief sight of the image). A retrospective de-identified dataset was used to collect 
the gist of breast cancer (i.e., gist scores) from 13 readers interpreting 1100 screening craniocaudal mammograms (659 
current “normal” cancer-free images, and 441 “prior” no visible signs of cancer images acquired two years before current 
cancer mammograms). The collected gist scores from all readers were averaged to eliminate the noise of the gist signal, 
giving one gist score per image. The images were grouped into high- and low-gist based on the 75th and 25th percentiles of 
the images containing the highest and lowest gist scores, respectively. A set of 130 handcrafted global radiomic features 
per image were extracted and used to construct two machine learning random forest classifiers: 1). Normal and 2). Prior 
based on the corresponding features computed from the “normal” and “prior” images, for distinguishing high- from low-
gist images. The classifiers were trained and validated using the 10-fold cross-validation approach and their performances 
were measured by the area under the receiver operating characteristic curve (AUC). The Normal and Prior classifiers 
resulted in AUCs of 0.83 (95% CI: 0.77-0.85) and 0.84 (95% CI: 0.80-0.87) respectively, suggesting that the global 
mammographic radiomic features can predict the gist of breast cancer on a screening mammogram.  

Keywords: radiomics, screening mammograms, gist, breast cancer, normal mammograms, prior mammograms, machine 
learning, global radiomic features 

1. INTRODUCTION

In the field of medical image perception, it has been shown that medical experts (for instance, radiologists) can surprisingly 
perceive an initial impression about the presence of a medical image abnormality or its “gist” after a quick glimpse on an 
image [1-3]. They can even detect an image abnormality in prior normal mammograms belonging to women who were 
later diagnosed with breast cancer (i.e., missed cancers based on prior images) [1; 4] as well as in current normal 
mammograms, containing no apparent lesion sign, contralateral to the malignancies [5]. These findings evidence that the 
gist of breast cancer without a localised source of malignancy, possibly driven by the mammographic textural features (not 
associated with other risk factors like breast density), may contain useful information that could be used to improve a 
detection of breast cancer and prediction of a future breast cancer risk event [1; 4; 6; 7]. 

Gist, from the human visual system, has been claimed to be linked to both “what” and “where” information about the 
global and location of image abnormality, respectively [8; 9]. However, most of the recent gist mammographic studies 
showed that the gist of breast cancer is rather about the “what” information extracted quickly after a half-second image 
display for example, from the entire global image properties in a “non-selective” manner [1; 4; 5; 10; 11]. Here, we aim at 
focusing only the “what” or global gist of breast cancer information that is the holistic perceptual information of 
radiological instantaneous view of an image’s abnormality features captured in as little as a half-second image presentation. 
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Several studies in medical image perception have widely examined the presence of the global gist of breast cancer to better 
understand radiological errors in breast screening performances [1; 4; 5; 12]. Breast cancer in females is the primary cause 
of cancer-related death globally [13]. With screening mammography shown to reduce breast cancer related death through 
early detection of disease, interpreting mammographic images correctly is immensely critical [14]. However, this is a 
highly challenging task with studies reported considerable 16% false positive recall rates and 63% cumulative risk of a 
false positive outcome after 10 breast screening rounds [15; 16], as well as up to 50% false negative rates [1]. False 
positives could trigger large yearly healthcare costs (for example, US$2.8 billion was reported in the United States) and 
increased patient psychological distress [17; 18], while false negative mistakes might lead to delayed detection of disease, 
increased treatment complications and poor survival [19; 20]. Moreover, textural features (involving first- and second-
order gray level co-occurrence matrix/GLCM-based statistics) have been shown to be helpful in identifying the global gist 
of natural scenes [21-24]. However, it is unknown if a set of these global features from mammograms using radiomics 
approach [25] can distinguish the strongly perceived (i.e., high-gist) from the poorly perceived gist of breast cancer images 
(i.e., low-gist). We assume that there are differences in the global radiomic features between the highest and lowest of gist 
images (concentrating only on these categories to enable a strong distinction between them). This paper, therefore, aims 
to tackle this research gap so that the characteristics of false positives (normal mammograms with strongly perceived gist 
of breast cancer) and false negatives (missed cancer on prior mammograms with poorly perceived gist) in the interpretation 
of screening mammograms can be better understood. This could yield insights into radiological errors in screening 
mammograms and radiology education about possible mammographic appearances of false positive and false negative 
cases, facilitating early breast cancer detection and diagnosis, and optimizing treatment selections and survivorship.  

2. MATERIALS AND METHODS2.1 Readers 

17 Australian and New Zealand radiologists and breast physicians who were identified to be the “super-gisters” 
(demonstrated superior ability to detect reliable and accurate gist of the abnormal in mammographic images) from their 
participation in the previous gist experiment [26], were invited to participate in this study. This superior ability of the 
“super-gisters” showed to have no association with factors like their number of mammograms interpreted each week or 
years of experience reading mammograms. In total, 13 readers (11 radiologists and 2 breast physicians) were recruited for 
the experiment.   

2.2 Mammograms 

A retrospective de-identified dataset of 1100 craniocaudal (CC) unilateral Digital Imaging and Communications in 
Medicine (DICOM) mammograms were obtained from the BreastScreen Australia archives, acquired from asymptomatic 
women aged between 50 and 75. Using these DICOM images with a standard thresholding gray level intensity value of 
100, binary masks were generated to extract the breast region from its background. After that, the DICOM images and 
masks were converted to a TIFF file format and cropped based on the maximum breast region size including all the right 
CC images being flipped to the left for consistent left side chest wall on all images. These TIFF images and binary masks 
were then used for the gist experiment (section 2.3) and radiomics analysis (section 2.5). 

Two types of mammograms were included in this study: 1). current “normal” (n=1409) and 2). “prior” (n=1063) 
mammograms since the gist of breast cancer has been reported to be presented in these images [1; 4; 5]. The current 
“normal” mammograms were images of women reported and confirmed to be cancer-free by at least two independent 
expert radiologists (20+ year experience) with negative follow up mammograms obtained two years later. The “prior” 
mammograms included prior images with no visible cancer signs, obtained two years before their current biopsy-proven 
cancer mammograms.  

2.3 Collecting gist of breast cancer/scores 

Using previously developed multi-observer gist experimental protocol [26], the gist of breast cancer (i.e., gist scores) were 
collected from the 13 participants who were asked to assess the 1100 CC images. For a half-second each, first a red cross 
sign was presented to ensure readers fixated at the centre of the screen, followed by a mammographic image and then a 
corresponding white mask signifying the breast area was shown to ensure conclusion of image visual processing. Finally, 
without a time limit, a rating interface was displayed requesting readers to provide a gist score (i.e., the probability of the 
image being abnormal) based on a scale of 0 to 100 (0 means readers were completely confident that the image was normal 
while 100 represents readers’ absolute confidence that the image was abnormal). 
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Due to the gist of breast cancer being a noisy signal [27], the collected gist scores from the 13 readers were then averaged 
to produce one gist score per image.  

2.4 Classifying high- vs low-gist images 

To classify high- and low-gist images, the averaged gist score per image was used to group images as high- and low-gist 
based on the 75th and 25th percentiles of the images containing the highest and lowest gist scores, correspondingly, resulting 
in 162 high- and 497 low-gist for the “normal”, and 151 high- and 290 low-gist for the “prior” category. To ensure an 
obvious distinction between the highest and lowest gist images at their maximum level is achieved, only images in these 
upper and lower quartiles were included for further analysis, and 750 and 622 intermediate gist images in the “normal” 
and “prior” category respectively were eliminated.  

2.5 Extracting global radiomic features 

A set of 130 handcrafted global radiomic features were extracted using our in-house MATLAB-based programs based on 
the region of interest delineated using MATLAB’s erosion algorithm, to exclude the skin-air region in the mammogram 
(Figure 1) [28].  

Figure. 1. The region of interest (yellow area) delineated using MATLAB’s image erosion algorithm to omit skin-air region. 
Global radiomic features were computed from this yellow region of the image. 

These global radiomic features consisted of 110 GLCM-based textural features and 20 first-order statistics based features 
(Table 1) which have been shown to be valuable descriptors of mammographic appearances in measuring the contrast 
values of spatial inter-relationships between neighbouring pixels and the distribution of single pixel intensity values within 
the image region of interest, correspondingly [29; 30]. 

Table 1: List of global radiomic features derived from mammograms (n=130) 

Feature No. Feature Name Feature class Parameters 

1-5 Autocorrelation Gray level co-
occurrence 
matrix 

1-, 3-, 5-, 9-, 
and 11-pixel 
distance 
between the 
pixel of interest 
and its 
neighbour 

6-10 Contrast 

11-15 Correlation_m 

16-20 Correlation_p 

21-25 Cluster_prominence 

26-30 Cluster_shade 

31-35 Dissimilarity 

36-40 Energy 
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41-45 Entropy 

46-50 Homogeneity_m 

51-55 Homogeneity 

56-60 Maximum_probability 

61-65 Sum_of_sqaures_variance 

66-70 Sum_average 

71-75 Sum_variance 

76-80 Sum_entropy 

81-85 Difference_variance 

86-90 Difference_entropy 

91-95 Information_measure_of_correlation1 

96-100 Information_measure_of_correlation2 

101-105 Inverse_difference_normalized 

106-110 Inverse_difference_moment_normalized 

111 Mean First-order 
statistics 

n/a 

112 Standard_deviation 

113 Skewness 

114 Kurtosis 

115 Minimum 

116 5th_percentile 

117 10th_percentile 

118 15th_percentile 

119 20th_percentile 

120 25th_percentile 

121 Median 

122 75th_percentile 

123 80th_percentile 

124 85th_percentile 

125 90th_percentile 

126 95th_percentile 

127 Maximum 

128 Range_all (Maximum less Minimum) 

129 Range5 (95th percentile less 5th percentile) 

130 Range2 (99th percentile less 1st percentile) 
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2.6 Building machine learning classifier 

In discriminating high- vs low-gist images, the 130 global radiomic features derived from the corresponding image types 
(“normal” and “prior”) were then used to construct two separate machine learning random forest classifiers (Normal and 
Prior) using bootstrap aggregation method based on the ensemble of 500 decision trees [31]. We chose the random forest 
bootstrapping approach for the classification task because it has automatic estimation of feature importance for producing 
an explainable classifier while offering integrated feature selection function for reducing feature-overfitting issues [32]. 

2.7 Statistical analysis and validation 

The Normal and Prior classifiers were then trained and validated using the 10-fold cross-validation approach [33] which 
comprised of randomly dividing the dataset into 10 groups. We used 9 out of the 10 groups to train the classifier while 
reserving one group for testing the classifier’s predictive performance. We replicated this process 10 times until each group 
was used once as a test set. The overall performance of the classifiers for distinguishing high- from low-gist images was 
then assessed using the area under the receiver operating characteristic curve (AUC). 

Radiomics and statistical analysis were preformed using MATLAB R2022a (MathWorks Inc., Natick, MA, USA). 

3. RESULTS

Figure. 2 demonstrated the results of the overall performance from the machine learning random forest classifiers (Normal 
and Prior) in categorizing high- from low-gist images, attaining AUCs of 0.83 (95% CI: 0.77-0.85) and 0.84 (95% CI: 
0.80-0.87), correspondingly. 

Figure. 2. Overall performance of the machine learning random forest classifiers (Normal and Prior) in categorizing high- 
from low-gist images based on the area under the receiver operating characteristic curve (AUC). 

4. CONCLUSION

The overall promising results of the classifiers indicated the ability of global radiomic features contained within 
mammographic images in predicting the gist of breast cancer (high- from low-gist images) on a screening mammogram. 
This could generate important understandings around radiological errors in screening mammography and radiology 
education about possible features of false positives (normal images with strong gist) and false negatives (missed cancer on 
prior images with weak gist), supporting early detection and diagnosis of breast cancer while optimizing therapy choices 
and survivorship. 
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Appendix 1.4 Oral presentation on predicting the gist of breast cancer on a 

screening mammogram using global radiomic features 

This presentation was given at SPIE Medical Imaging Conference 2024, San Diego, CA, 

United States, February 2024. 

This presentation was related to the paper “Computer-extracted global radiomic features can 

predict the radiologists’ first impression about the abnormality of a screening mammogram” as 

described in Chapter 3. 
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difficult-to-interpret normal cases 
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1Medical Image Optimisation and Perception Group, Discipline of Medical Imaging Science, 

Faculty of Medicine and Health, the University of Sydney, Sydney, NSW 2006, Australia 

ABSTRACT 

This study investigated whether a global radiomic signature (i.e., a set of global radiomic features) from mammograms 
can predict radiologists’ difficult-to-interpret normal cases. Retrospective non-identifiable data collected from 342 
radiologists interpreting 81 normal mammograms were used to group cases as difficult-to-interpret (41 cases) and easy-to-
interpret (40 cases) based on one-third of cases having the correspondingly highest and lowest difficulty scores. A set of 
34 global radiomic features per image were extracted based on regions of interests delineated using lattice- and squared-
based approaches, and normalised. Three machine learning classification models were constructed: 1). CC, using the 34 
global radiomic features derived from craniocaudal images only, and 2). MLO, using the features from mediolateral oblique 
images only, both based on a random forest method for differentiating difficult-to-interpret from easy-to-interpret normal 
cases, and 3). CC+MLO model using the median predictive scores from both CC and MLO models. We trained and 
validated the models using leave-one-out-cross-validation approach. Performances of the models were measured by the 
area under the receiver operating characteristic curve (AUC). The CC+MLO model outperformed (0.73 AUC, 0.62-0.83) 
the CC (0.70 AUC, 0.62-0.78) and MLO (0.68 AUC, 0.60-0.76) models. The results showed that the global mammographic 
radiomic signature has the ability to predict radiologists’ difficult-to-interpret normal cases.  

Keywords: radiomics, mammography, difficult normal cases, breast cancer, machine learning model, easy normal cases, 
gist, global radiomic features 

1. INTRODUCTION

Breast cancer in women is the most common cancer worldwide [1]. Mammography has long been the only prevalent 
screening method of breast imaging for an early detection of breast cancer [2]. However, previous studies have reported 
that mammographic interpretation is not an easy task with many normal mammographic cases have been incorrectly 
diagnosed as cancers, resulting in up to 16% false positive error rates and up to 63% anticipated cumulative risk of false 
positive results (in women aged 50-69 after undergoing ten biennial screenings) [3-5]. Of those who were recalled, 80% 
had to go through unnecessarily further assessment and 40% of those had unwarranted biopsy with benign outcomes [6]. 
These false positive results have not only caused enormous medical costs on healthcare systems (for example, around 
USD$3 billion per year in the United State of America) but also significant mental distress and anxiety on patients [7]. 
Accordingly, ongoing efforts to assess and improve radiologists’ performance in interpreting cancer-free normal 
mammograms through effective educational programs are essential so that false positive findings can be significantly 
reduced. 

Test set based educational programs, often containing almost 70% of the normal cases, have been shown to improve the 
ability of radiologists when interpreting and identifying normal mammograms [8, 9]. However, the current process of test 
set curation for difficult normal cases seems to depend greatly on expert radiologists’ manual and subjective measurement 
based on the conventional breast density classification of the Breast Imaging and Reporting Data System (BI-RADS) 
system and benign features [10, 11]. Studies have shown that the subjective breast density-based evaluation of normal 
cases difficulty is not a good descriptor of the true difficulty based on individual radiologist’s performance in the test set 
[10, 12]. This demonstrates the need for an alternative uniform approach for predicting normal cases’ difficulty so that 
individuals’ performance including false positive errors can be more accurately assessed and improved.  
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This study aims to investigate if radiologists’ difficult-to-interpret normal cases can be automatically and objectively 
described using a global quantitative mammographic signature (i.e., a set of image features) derived from radiomics 
analysis - the process of extracting, evaluating, and mining high-dimensional image features [13]. Given the value of 
radiomics in mammography [13] and the importance of global image processing or gist (i.e., radiologist first impression) 
in guiding visual search and making diagnostic decisions when interpreting and detecting difficult cancer cases [14], it can 
be assumed that global radiomic signature (i.e., global image statistics) of difficult-to-interpret differs from easy-to-
interpret normal cases. Although previous studies have examined the value of local radiomic signature for predicting 
radiology trainees’ specific tumour or false positive areas [15, 16], minimal effort has been devoted to distinguish 
radiologists’ difficult-to-interpret from easy-to-interpret normal cases using global radiomic signature. Hence, we attempt 
to address this deficiency. 

2. MATERIALS AND METHODS1.1 Readers and normal cases 

Retrospective non-identifiable data gathered from 342 Australian and New Zealand radiologists who engaged with the 
BREAST program (https://breast-australia.sydney.edu.au/) [17] from 04 September 2014 to 14 March 2021, interpreting 
120 normal mammographic cases of three largest volume of readers BREAST test sets were used.  There were 40 normal 
cases in each test set where each case had four DICOM images (right and left, bilateral craniocaudal/CC and mediolateral 
oblique/MLO views). These cases were confirmed to be cancer-free normal cases by at least two independent radiologists 
with negative follow up mammograms obtained 2 years later. 

1.2 Difficult normal cases 

Based on the objective measure of difficulty (defined as a percentage of incorrect reports per case [18]), we identified the 
difficulty for our 120 normal cases by firstly calculating difficulty scores for each case using the Royal Australian and 
New Zealand College of Radiologists rating (scale of 2-5 where 1 represents a normal case [17]) given by the 342 
radiologists. A rating of 2 denoted benign lesion while a rating of 3, 4, or 5 indicated malignant lesion with a greater 
number indicating a higher confidence of malignancy. If the same radiologist provided more than one ratings for the same 
case, only the highest rating was used. Difficulty scores were computed by dividing the number of incorrect reports (i.e., 
the number of radiologists who rated a normal case incorrectly as malignancy giving a 3, 4, or 5 rating) by the total number 
of radiologists of that test set. Next, using one-third of the total 120 normal cases having highest and lowest difficulty 
scores, 41 cases were classified as difficult-to-interpret and 40 cases were easy-to-interpret, correspondingly. In order to 
make a clear difference between the highest and lowest difficulty normal cases, only these two categories’ cases (a total 
of 81 cases) were included in the study and 39 cases with intermediate difficulty scores were excluded.  

1.3 Radiomic analysis 

1.3.1 Global radiomic features extraction 

Before global radiomic features extraction were performed, 324 mammography DICOM images of the 81 normal cases (4 
images per case) were firstly obtained and used to create binary masks (i.e., black and white) using a standard thresholding 
value of 100 (including manual adjustment where required) to extract breast region from its background. To achieve 
computational effectiveness, DICOM images and binary masks were then transformed to TIFF format with all the right 
CC and MLO images flipped to the left to have a uniform chest wall on the left side. Next, the TIFF images and masks 
were cropped based on the breast region’s maximum size and used for global radiomic features extraction.  

Global radiomic features extraction was conducted based on regions of interests delineated using 1). lattice-based/ROI 
(multiple regions of interests covering the entire breast image) [19], and 2). squared-based/SQ (largest square rectangular 
box inscribed within breast) [20] approaches (Fig. 1). Given that many of our cases had false positive annotations around 
the pectoral muscle area, we included pectoral muscle in our radiomic analysis, which is different from the previous 
approaches [19, 20] where pectoral muscle was excluded.  
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Fig. 1. Left: Lattice-based approach. Right: Squared-based approach. Global radiomic features were extracted from the cyan 
colour area of the image. 

Using our in-house MATLAB-based programs, 34 global radiomic features per image (Table 1) were extracted from 324 
images and then normalised using a z-score normalisation technique (standardising image intensity mean to zero and 
standard deviation to one) [21]. ROI features were computed using MATLAB image distinct block processing technique 
(block size 214 x 214 pixels) and summed up using the standard deviation method. The extracted global radiomic features 
can be broadly categorised into three groups: Gray Level Co-Occurrence Matrix/GLCM based Haralick (n=15) [22], First 
Order Statistics/FOS (n=1) [23], and Neighbourhood Gray Tone Difference Matrix/NGTDM (n=1) [24]. 

Table 1: Global mammographic radiomic features (n=34) 

No. Name Feature 
class 

Parameters 

1 ROI_Std_Correlation_3 GLCM 3 pixel distance between 
the pixel of interest and 
its neighbour 2 ROI_Std_Difference_entropy _3 

3 ROI_Std_Dissimilarity_3 

4 ROI_Std_Difference_variance_3 

5 ROI_Std_Energy_3 

6 ROI_Std_Entropy_3 

7 ROI_Std_Homogeneity_3 

8 ROI_Std_Information_measure_of_correlation1 _3 

9 ROI_Std_Information_measure_of_correlation2 _3 

10 ROI_Std_Maximum_probability_3 

11 ROI_Std_Sum_entropy_3 

12 ROI_Std_Sum_variance_3 

13 ROI_Std_Coarseness_3 NGTDM 3x3 neighbourhood size 

14 ROI_Std_Cluster_prominence_3 GLCM 3 pixel distance between 
the pixel of interest and 
its neighbour 15 ROI_Std_Cluster_shade_3 

16 ROI_Std_Range_all FOS n/a 
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17 ROI_Std_Sum_of_squares_variance_9 GLCM 9 pixel distance between 
the pixel of interest and 
its neighbour 18 SQ_Correlation_9 

19 SQ_Difference_entropy _9 

20 SQ_Dissimilarity_9 

21 SQ_Difference_variance_9 

22 SQ_Energy_9 

23 SQ_Entropy_9 

24 SQ_Homogeneity_9 

25 SQ_Information_measure_of_correlation1 _9 

26 SQ_Information_measure_of_correlation2 _9 

27 SQ_Maximum_probability_9 

28 SQ_Sum_entropy_9 

29 SQ_Sum_variance_9 

30 SQ_Coarseness_9 NGTDM 9x9 neighbourhood size 

31 SQ_Cluster_prominence_9 GLCM 9 pixel distance between 
the pixel of interest and 
its neighbour 32 SQ_Cluster_shade_9 

33 SQ_Range_all FOS n/a 

34 SQ_Sum_of_squares_variance_9 GLCM 9 pixel distance between 
the pixel of interest and 
its neighbour 

Abbreviations: 

CC = craniocaudal, FOS = first order statistics, GLCM = gray level co-occurrence matrix, MLO = 
mediolateral oblique, NGTDM = neighbourhood gray tone difference matrix, n/a = not applicable, 
ROI = multiple regions of interests defined by the lattice-based approach covering the entire breast 
image, SQ = largest square rectangular box inscribed within breast, STD = standard deviation. 

1.3.2 Model construction 

Three binary machine learning classification models (CC, MLO, CC+MLO) for predicting difficult-to-interpret from easy-
to-interpret normal cases were built. CC and MLO models were built based on the extracted 34 global radiomic features, 
derived from the respective right and left CC and MLO images only, using MATLAB’s random forest approach (ensemble 
of 500 decision trees boosted with LogitBoost ensemble aggregation algorithm) [25]. The random forest method was 
selected for this classification task as it has embedded random feature selection in the model which can reduce feature-
overfitting issues, producing interpretable models [26]. The last CC+MLO model was built based on a late fusion method 
[27] which involved acquiring the median predictive scores from both CC and MLO models.

1.4 Statistical analysis and validation 

In evaluating the models’ performance on our dataset, the models were trained and validated using the leave-one-out-
cross-validation method [28], implying that every time the model was trained, all cases were used, except one case which 
was used as a test set once to validate the predictive performance of the model. This method was repeated 81 times (as we 
had 81 cases) until every single case was used as a test set once. The area under the receiver operating characteristic curve 
(AUC) was used to assess the models’ overall performance for discriminating difficult-to-interpret from easy-to-interpret 
normal cases.  
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All statistical and radiomics analysis in this study were performed using MATLAB R2021a (MathWorks Inc., Natick, MA, 
USA).  

3. RESULTS

The overall classification performance of the three models (CC, MLO, CC+MLO) is shown in Fig. 2. When combining 
global radiomic features from both CC and MLO images using the median value of the predictive scores from both CC 
and MLO models, the CC+MLO model outperformed the CC and MLO models alone, achieving AUCs of 0.73 (95% 
Confidence Interval/CI: 0.62-0.83) vs 0.70 (95% CI: 0.62-0.78) and 0.68 (95% CI: 0.60-0.76), correspondingly. 

Fig. 2. Performance of the three machine learning models: CC+MLO, CC, and MLO based on the area under the receiver 
operating characteristic curve (AUC). 

4. CONCLUSION

The classifier’s performance implied that global mammographic radiomic signature had the ability to predict difficult-to-
interpret from easy-to-interpret normal cases, showing the importance of global image processing in interpreting 
mammograms. 
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Appendix 1.6 Oral presentation on global mammographic radiomic 

signature can predict radiologists’ difficult-to-interpret normal cases 

This presentation was given at SPIE Medical Imaging Conference 2023, San Diego, CA, 

United States, February 2023. 

This presentation was related to the paper “Global radiomic features from mammography for 

predicting difficult-to-interpret normal cases” as described in Chapter 4. 
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Appendix 1.7 Abstract on enhancing radiology resident training in 

mammogram interpretation: leveraging global mammographic radiomic 

features to identify difficult cases 

This abstract’s presentation will be given at RSNA 2024 Annual Meeting, 1-5 December, 

McCormick Place, Chicago, Illinois, United States. 
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This presentation was related to the paper “A machine learning model based on global 

mammographic radiomic features can predict which normal mammographic cases radiology 

trainees find most difficult” as described in Chapter 5. 
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