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ABSTRACT 

Mammographic density has conventionally been defined as the area of the 

mammographic image of the breast that is white or bright, and is presumed to 

reflect differing amounts of fibroglandular breast tissues and fatty tissue. The 

current gold standard measurement of this concept is made by the computer-

assisted thresholding program called CUMULUS. For women of the same age and 

BMI, the amount mammographic density measured by Cumulus has been well 

established to be a risk factor for breast cancer.  Multiple case-control studies 

nested within cohorts of women attending mammographic screening services have 

found that Cumulus measures of mammographic density at baseline predict 

subsequent risk of developing breast cancer. Twin and family studies have shown 

that the majority of the wide variation in the Cumulus mammographic density 

measures that predict breast cancer risk (i.e., age- and BMI-adjusted dense area, 

percent dense area and, to a lesser degree, non-dense area) could be due to genetic 

factors. Consequently, these heritable risk-predicting measures explain about 10% 

to 20% of the association of family history with breast cancer risk. It is not clear, 

however, what underlying biological processes are behind these observations. 

I found that, by using the CUMULUS software but re-defining 

mammographic density at successively higher pixel-intensity thresholds than the 

conventional thresholds (I call these measures Altocumulus and Cirrocumulus, 

respectively) we could obtain better predictors of breast cancer risk. I 

demonstrated this for both Korean women and Australian women (Chapter 3 to 
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7). I also found that, after fitting Altocumulus and/or Cirrocumulus, the Cumulus 

measures of mammographic density were no longer predictive of risk. I then 

studied the relative abilities of these measures of mammographic density to 

predict breast cancer: (a) for Caucasian women in Australia (Chapter 3 and 

Chapter 6) and for Asian women in South Korea (Chapter 4, Chapter 5 and 

Chapter 7); (b) by breast cancer subtypes – invasive breast cancer versus DCIS 

(Chapter 7); (c) by modes of detection – interval cancer versus screen-detected 

cancer (Chapter 6); (d) for screen-film mammography (Chapter 3 and Chapter 

6) and full-field digital mammography (Chapter 4, Chapter 5 and Chapter 7); 

(e) by study design, setting and analysis methodology – case–control (Chapter 3 

to Chapter 5 and Chapter 7) and case–control nested in a cohort (Chapter 6), 

using conditional logistic regression (Chapter 4 to Chapter 7) and unconditional 

logistic regression adjusted for age-group by matching (Chapter 3); (f) by age at 

diagnosis – early-onset with mean less than 50 years (Chapter 3, Chapter 5 and 

Chapter 7) and late-onset with mean greater than 50 years (Chapter 4) or around 

60 years (Chapter 6); (g) by visual measurement (Cumulus, Altocumulus and 

Cirrocumulus) versus automated measurement  (LIBRA); (h) and for digital 

mammography, by manufacturer – General Electric versus Hologic (Chapter 5). 

Typically Cirrocumulus, or a combination of Cirrocumulus and/or Altocumulus, 

performed best in predicting breast cancer risk, especially when measured from 

digital mammography in Korean women using the Hologic system (Chapter 5). 

Interval cancers and ductal carcinoma in situ, which are influenced by masking, 

were best predicted by Cumulus as a percentage of the breast area, unadjusted for 

BMI.   
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My research suggests that the mammographically brightest regions might 

be more aetiologically important for breast cancer risk, with implications for 

epidemiological, biological, clinical, and genomic research and translation. That 

is, the mammographically denser regions might be more aetiologically important 

for breast cancer, especially for younger women and for early–onset disease, for 

Western and Asian women.  

There are important implications: (i) using ‘mammographic density’ to 

better predict women, even at younger age, for interventions or target screening 

(personalized screening), (ii) predicting risk as well as masking from 

mammography, especially digital mammography, (iii) better prediction of having 

highly dense breast for women at high risk that improve better protocols could, 

should be devised. 
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Chapter 1. Background to breast cancer and conventional measures of 

mammographic density 

 

 

1.1. Introduction 

 Mammography is a major tool for breast cancer control. In Australia, 

annual mammographic screening for women aged 50 to 69 years is recommended 

to reduce mortality from breast cancer [1]. Mammography involves an X-ray of the 

female breast with the aim of detecting breast cancers at an early and more 

curable stage before breast tumours become invasive. Despite all the recent 

controversy on the benefit or harm of mammographic screening [2-5], 

mammography is still generally considered to be effective and is a widely used 

method for early detection of breast cancer across the globe.  

 

 Mammography, however, is far from ideal. Breast composition varies 

between women and changes over time due to changes in female reproductive 

hormone levels with age. As a consequence, the ability of mammography to detect 

breast cancer also varies by age and between women. Since the acceptance of 

mammography as a standard screening tool in clinical practice, there have been 

many improvements in the technology [6-8]. Recently, most countries have 

replaced traditional screen-film mammography with full-field digital 
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mammography. Another development is three-dimensional digital mammography. 

Digital mammography opens up new possibilities for cancer control. 

 

BreastScreen Australia was established in 1991 and currently provides 

services in more than 600 locations across Australia. In Australia, the 5-year 

relative survival from breast cancer has improved from 72% in 1982–1986 to 90% 

in 2007–2011 and it is plausible that a proportion of this has been due to earlier 

diagnosis from screening, although this is difficult to prove. For every 1,000 

women aged 50 to 74 years who attend BreastScreen, about eight deaths from 

breast cancer will be prevented [1]. There is limited evidence that for women aged 

less than 50 years, regular mammographic screening will be beneficial or cost-

effective. The issues around the best screening protocols are regularly addressed 

[9] and the future role of mammographic screening is an on-going issue of global 

importance. There is, therefore, an imperative to work out how to best use 

screening.            

 

 In addition to diagnosing breast cancer, there is information in 

mammograms that predicts breast cancer risk. Many epidemiological studies have 

found strong and consistent relationships between measures of mammographic 

density – the white or bright areas on an X-ray of a female breast (see Section 

1.6) – and breast cancer risk [10, 11]. For women of the same age and body mass 

index (BMI), there is a 4- to 6-fold increased risk for breast cancer for those with 

a greater amount of mammographic density (the upper quartile) compared with 

women who have little or no mammographic density (the lower quartile) [12-14].  
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 In recent years, several cross-sectional case-control studies, and case-

control studies nested within prospective cohorts such as lifepool and Register4, 

have been conducted through BreastScreen to help understand more about breast 

cancer risk [15]. Similar studies are being conducted in other countries, and in 

particular for this thesis, in Korea [16-18]. 

 

 This chapter briefly describes the biology of the breast, the definition of 

breast cancer, the incidence and mortality of breast cancer, the risk factors for 

breast cancer and the issue of confounding, and the difficulty of comparing the 

strengths of breast cancer risk factors. This chapter then describes mammographic 

density and its qualitative and quantitative measures. 

1.2. The breast 

Breast tissue extends from the clavicle and the axilla to the sternum and 

covers most of the chest. The breast includes the nipple, areola, glandular tissues 

(acini, lobules, ducts and lobes) and fatty tissues (Figure 1-1). Other components 

of the breast are the connective tissue, blood vessels, lymphatic vessels and a 

small number of lymph nodes that perform a key role in the body’s immunities 

[19]. 

The main function of the breast is to secrete milk to feed infants. The 

composition of breast tissue changes due to changes in hormone levels and ageing 

[19, 20]. During menstruation, increases in estrogen and progesterone levels induce 
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proliferation of glandular tissue [21]. At the end of each menstrual cycle, the 

circulating levels of estrogen and progesterone decrease, which induces apoptosis 

(cell death), and the composition of the breast returns to its state at the beginning 

of the menstrual cycle. During pregnancy, breasts become enlarged and firmer, 

and during lactation there is an increase in the volume of glandular tissue. As a 

women ages or stops breast feeding, the amount of glandular tissue decreases and 

the amount of fatty tissue increases. At menopause, the circulating levels of 

estrogen and progesterone decrease and the lobular tissue regresses, resulting in a 

proportionally fattier breast.  

Although all women have similar breast biology, there is a variation in the 

shape and size of breasts as well as variation in their composition over time. There 

are also variations between populations and across different ethnic groups. 

However, these variations are unlikely to affect breast function or risk of breast 

cancer [22].  
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Figure 1-1 A cross-section of the anatomy of the normal female breast, duct and 

lobule (source: www.abcf.org). 

 

1.3. Breast cancer 

1.3.1 Breast cancer definition 

It is not fully understood how or why some cells overcome the normal 

restrictions of cell division growth and control to become cancers.  Cancer can 

originate in almost all organs and cell types, and for solid cancers is formally 

known as a malignant tumour.  Tumours become malignant when the tumour cells 

grow uncontrolled and have the capacity to invade the tissue surrounding the 

primary site and metastasise (spread) to other organs and other parts of body. A 

cancer that has spread to other organs is known as a secondary cancer. The most 
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common types of cancer are carcinomas. It is not fully understood how or why, 

during breast growth, some specific breast cells overcome normal restrictions of 

cell division growth and control to become malignant.  

Breast cancer is most often found in the cells that line the ducts (ductal cell 

carcinoma) or within the lobules (lobular carcinoma). A rare form of breast cancer 

is found in the fatty tissue or non-glandular tissue (breast sarcomas). Breast cancer 

is mostly located in the upper part of the breast, in the outer quadrant or in the 

area around the centre of the breast. 

In general, breast cancers are irregular in shape and are firmer than benign 

breast tumours or cysts. Most breast cancers are thought to begin as precancerous 

lesions in the cells of the ducts (ductal carcinoma in situ) and more rarely in the 

lobules (lobular carcinoma in situ); see Figure 1-2. Without prompt treatment, 

breast cancer cells are likely to metastasise via the lymphatic and circulatory 

systems; see Figure 1-3.  
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Figure 1-2 A cross-section of the anatomy of normal and abnormal cells for non-
invasive breast cancer: ductal carcinoma in situ (left image) and lobular carcinoma 
in situ (right image) (source: www.abcf.org). 
 

 

 

Figure 1-3 Cross-section of the breast (top) and cross-section of an invasive 
cancer of the duct (enlargement) in which cancer cells have invaded the lymph 
channels and blood vessels in the breast tissue (source: www.breastcancer.org). 
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1.3.2 Types of breast cancer 

a. In situ precancerous lesions 

Ductal and lobular carcinomas in situ are precancerous lesions in which 

the premalignant cells multiply like normal cells but are contained within the 

ducts or lobules. These are small lesions that usually do not form a tumour mass, 

and are therefore difficult to detect by a normal breast physical examination. If 

detected and treated early (usually by excision with or without chemotherapy), in 

situ cancers do not become malignant and are usually not life threatening. Lobular 

carcinoma in situ is often detected from a biopsy taken to investigate thickening 

or other symptoms of abnormality of the breast.  

b. Invasive breast cancer 

Invasive cancer occurs when tumour cells gain the ability to invade the 

surrounding tissue and break away from their original location. There are two 

types of invasive breast cancer: (i) invasive cancer of the ducts and (ii) invasive 

cancer of the lobules. Invasive cancer of the ducts, referred to as invasive ductal 

carcinoma, is the most common type of breast cancer. Surrounding the breast 

tumour is fibroglandular non-cancerous scar-like tissue that is induced by the 

cancer’s invasion into fatty breast tissue surrounding the duct. Invasive cancer of 

the lobules (invasive lobular carcinoma) occurs when tumour cells in the lobules 

invade neighbouring normal breast tissue. Invasive lobular carcinoma is difficult 
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to detect during a physical examination of the breast and is relatively soft 

compared with invasive ductal carcinoma. 

c. Rare forms of breast cancer: Paget’s disease, cystosarcoma phyllodes 

and inflammatory cancer 

Paget’s disease is a rare cancer that occurs close to the nipple and is often 

diagnosed after the age of 50 years. Having Paget’s disease is a strong indicator of 

having in situ or invasive cancers somewhere else in the same breast, and is 

detected by a hardening of the skin of the areola or the nipple itself.  

Another rare breast cancer is cystosarcoma phyllodes, which is often 

diagnosed in younger women (aged under years). It does not usually metastasise, 

but it tends to locally recur and invades the bordering normal breast tissue.  

Inflammatory cancer accounts for only 1% of all breast cancers [1]and is 

very aggressive. Inflammatory cancer is often identified during a biopsy because 

it generally presents with an appearance suggesting infection (e.g., swelling or 

redness due to inflammatory cancer having spread to the lymph nodes). 
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1.3.3 Incidence rate and mortality 

Breast cancer (from here on I will use the term breast cancer to refer to 

invasive breast cancer unless otherwise specified) is one of the most common 

causes of cancer mortality among women worldwide [23]. According to 

GLOBACAN (http://globocan.iarc.fr), an estimated 1.67 million new breast cancer 

cases were diagnosed (approximately 25% of all cancers) in 2012, which ranks it 

as the second most common cause of cancer in developed regions. Breast cancer 

is the most commonly diagnosed cancer in developed and developing country 

combined [24]; see Figure 1-4. While the incidence of breast cancer is higher for 

developed countries than for developing countries, and higher for Caucasian 

ethnicity than for Asian and African ethnicities, there is less variation in breast 

cancer mortality due to better survival in developed countries and for women of 

Caucasian ethnicity.  

In 2016, according to Cancer Australia and the Australian Institute of 

Health and Welfare [1], there were about 15,934 women diagnosed with breast 

cancer (accounting for 12.3% of all new cancer cases). In Australia, breast cancer 

is the most frequently diagnosed cancer in women (see Figure 1-4, right). 

Approximately one in eight women will be diagnosed with breast cancer by the 

age of 70 years. Of those diagnosed with breast cancer, approximately 3,046 

(6.5%) die from breast cancer. The 5-year relative survival for female breast 

cancer is 90% [25].  
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Figure 1-4 Estimated incidence and mortality rates for breast cancer in selected 
countries and regions (left) and the most common Australian female cancers 
(right), (source: IARC GLOBCAN 2012  http://globocan.iarc.fr). 

 

 

 

 

Figure 1-5 Incidence (left) and mortality (right) rates of breast cancer from 1975 
to 2010 for Australia – age standardised rate per 100,000, (source: IARC 
GLOBCAN 2012 http://globocan.iarc.fr). 
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1.4. Risk factors for breast cancer 

The identification of breast cancer risk factors is important because this 

information could contribute to our understanding of the causes of the disease and 

help differentiate women in terms of risk. Identification of risk factors that can be 

modified could provide a means for prevention of breast cancer [26]. 

 

 

Figure 1-6 Estimated age-specific incidence rates per 100,000 of breast cancer 

from 0 to 85+ years for Australia (source: AIHW Cancer Australia 2016: 

https://canceraustralia.gov.au). 
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The strongest risk factor for breast cancer is being female; breast cancer 

risk is 100-fold higher for women than for men [27, 28]. The next strongest risk 

factor is age; breast cancer risk increases substantially with age (e.g., a 12-fold 

increase from ages 30–34 years to 70–74 years for Australian women; see Figure 

1-6 [29]). Other known risk factors for breast cancer include being Caucasian [30], 

having a higher BMI [31] when post-menopausal, having a previous diagnosis of 

breast cancer, having a family history of breast cancer, carrying an inherited high-

risk mutation (e.g., in BRCA1 or BRCA2) [32], having no children  [33, 34], having a 

later age at first pregnancy [35], having an earlier age at menarche [36], having a later 

age at menopause [36], recent use of hormonal contraceptives [37], using hormone 

replacement therapy after menopause [36], consuming alcohol [38] and being 

physically inactive [39, 40]. Recently, polymorphic genetic markers and greater 

mammographic density for age and BMI have been established and recognised as 

important risk factors for breast cancer; see Table 1.1. 
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Table 1.1. Breast cancer risk factors [41-43] 

Breast cancer risk factor Category Effect on breast cancer risk 

Gender [28] Female Increases risk 

Age [29] Increased age Increases risk 

Ethnicity [30] Caucasian  Increases risk 

Parous [33, 34] Null Increases risk 

Number of child births [33, 34] Having more than 1 child Decreases risk 

Age at first full-term pregnancy [35] Later Increases risk 

Fertility drugs [44] Ever used No association 

Menarche [36] Earlier Increases risk 

Menopausal [36] Later Increases risk 

Hormone replacement therapy [36] Long period Increases risk 

Oral contraceptives [37] Intake Increases risk 

Body mass index [31] Obese/overweight Increases risk 

Diet [31] High fat Increases risk 

Caffeine [45-47] Intake Decreases risk 

Soy [48] Intake Decreases risk 

Vitamin D [49, 50] Intake (direct/indirect) Decreases risk 

Alcohol [38] Consumed  Increases risk 

Tamoxifen [51, 52] Intake Decreases risk 

Smoking [38] Intake No association 

All familial causes [53] Known and unknown factors Increases risk 

Physical activity [39, 40] Inactive Increases risk 

Polygenic markers [54-56] Continuous risk scores 
Likely to increase with  

new studies 

Gene mutations [57-60] Binary risk score Increases risk  

Family history [54, 61-63] Having first-degree relative Increases risk 

Mammographic density [64] Higher   Increases risk 
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While there are multiple risk factors listed in Table 1.1 that are known to 

be associated with breast cancer, it is problematic to compare the risk factors in 

terms of discriminating affected from unaffected women because they are 

measured on different scales (e.g., binary versus continuous) and because of the 

need to adjust them for age and other confounders. To address these issues, 

Hopper introduced the concept of the odds per adjusted standard deviation 

(OPERA)  [65]. Using this method, the risk gradient for each risk factor is directly 

comparable because it is presented as the change in odds for a change of one 

standard deviation in the risk factor adjusted for all other risk factors including 

age based on data for the population; see Table 1.2. By definition, OPERA is an 

independent measure of the ability of a risk factor to differentiate cases from 

controls that allow comparison of risk factors across diseases and across 

populations; see also Section 2.4.2 in Chapter 2. 

Table 1.2. Approximate OPERA scores for some established breast cancer risk 
factors in western countries [65]. 
Breast cancer risk factor OPERA Comment 

   
Gender 10 (Female versus male) 

Age (years) ? Depends on age range and distribution 

All familial causes 3 Known and unknown factors 

Mammographic density  1.4 Likely to increase with new measures 

Polygenic markers 1.4 Likely to increase with new studies 

Gene mutations 1.2–1.7 Depends on age at diagnosis and ethnicity 

Family history  1.2 First-degree only; yes/no 

Number of child births 1.1 Greater for countries with more births 

Source: Hopper [65]. 
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 Therefore, in terms of differentiating cases from controls, or equivalently 

in terms of predicting breast cancer on a  population (as distinct from individual) 

basis, mammographic density adjusted for age and BMI is one of the strongest 

known risk factors for breast cancer. The conventional measures of 

mammographic density do as well as polygenic risk scores based on the currently 

known single nucleotide polymorphisms associated with breast cancer risk. 

Mammographic density adjusted for age and BMI is a stronger risk factor than the 

high-risk mutations in the major genes BRCA1 and BRCA2, and having an 

affected first-degree relatives. Other risk factors, such as number of child births, 

do not greatly differentiate cases from controls. 

 

1.5. Definition of mammographic density 

Mammographic density has conventionally been defined as the area of the 

mammographic image of the breast that is white or bright [66], and is presumed to 

reflect differing amounts of fibroglandular breast tissues and fatty tissue (Figure 

1-7). For women of the same age and BMI, the extent of mammographic density 

is an established predictor of breast cancer risk [64].  Multiple case-control studies 

nested within cohorts of women attending mammographic screening services have 

found that measures of mammographic density at baseline predict subsequent risk 

of developing breast cancer [67-69].  
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Twin and family studies have shown that the majority of the wide 

variation in the mammographic density measures that predict breast cancer risk 

(i.e., age- and BMI-adjusted dense area, percent dense area and, to a lesser degree, 

non-dense area) could be due to genetic factors [70-73]. Consequently, these 

heritable risk-predicting measures explain about 10% to 20% of the association of 

family history with breast cancer risk [74-76]. It is not clear, however, what 

underlying biological processes are behind these observations. 

 

 

Figure 1-7 Examples of digital mammography showing a wide range of mammographic 
density appearances, from low density 0%–10% (panel A) to high density 75% or more 
(panel D). 

 

There is compelling evidence that mammographic density is associated 

with hormone levels [36]. Evidence for this association includes observations of a 

reduction in mammographic density with age, a preservation or increase in 

mammographic density with use of hormone replacement therapy [77], and 
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changes in mammographic density induced by use of hormonal contraceptives. In 

addition, taking Tamoxifen appears to reduce the risk of breast cancer for some 

women by reducing their amount of mammographic density [78-81]. Other factors 

most consistently associated with mammographic density are age, BMI [31], and 

number of live births [33, 34]. The association between these factors and 

mammographic density could be to the result of a moderating influence that these 

factors have on hormone levels and growth factors, which in turn, affect the 

structure of the breast. These associations might also be mediated by factors 

controlling the metabolism of lipids.  

It has been hypothesised that some of the potential environmental risk 

factors for breast cancer (e.g., dietary fat, smoking and alcohol consumption) 

might have effects on hormones that may, in turn, affect breast structure. As a 

result, these environmental risk factors could be associated with breast cancer 

through changing the structure of the breast through increasing mammographic 

density. However, there is a lack of evidence for the interaction between 

mammographic density and other risk factors that determine breast cancer risk. It 

is also not clear if mammographic density in early life predicts risk of breast 

cancer in later life.  

1.6. Measurement of mammographic density 

There are several different ways to measure mammographic density 

depending on the clinical and research purpose. Measurement could be qualitative 
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or quantitative, categorical or continuous, visual or automated; see Figure 1-8. 

The measurements can be categorised as follows: 

(i) visual categorical – Wolfe’s patterns, Tabar, BIRADS, Boyd 

categories 

(ii) visual continuous – Cumulus, DM-Scan, 21-point semi-continuous 

(iii) automated continuous: Volpara, AutoDensity, LIBRA, Cirrus and 

ImageJ.  

All the different methods produce the same conclusion that higher 

mammographic density is associated with increased risk of breast cancer. 

 

 

 

Figure 1-8 Methodologies to measure mammographic density. 
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1.6.1 Wolfe’s classification 

 In 1976, Wolfe, a specialist in mammography, was the first to report a 

positive association between what he called the breast parenchymal density and 

risk of breast cancer [82-84]. Wolfe classified breast parenchymal density into four 

categories associated with increasing risk of developing breast cancer: N1  is 

mostly fat, P1 consists of fat with prominent ducts covering less than 25% of the 

total breast area, P2 consists of prominent ducts dominating up to 75% of the total 

breast area, Dy is extremely dense and often hides under prominent ducts [85]. 

Wolfe found a strong association with breast cancer for the P2 and Dy categories 

compared with the N1 or P1 categories [83]. 

After Wolfe’s report, other studies were conducted with varying results. 

Table 1.3 shows the association between mammographic density and breast 

cancer risk from case-control and cohort studies for a range of mammographic 

density measures. Examination of the strengths of the associations (as odds ratios 

or relative risks) and confidence intervals shows that while some agreed with the 

positive finding [86-92], others found no evidence of an association [93-96]. As a 

result, the idea that mammographic patterns were a risk factor for breast cancer 

remained controversial. This inconsistency might have been due to different study 

methodologies, selection bias, masking bias, the assessor not being blinded to 

breast cancer status and failure to adjust for confounders such as age and BMI [97]. 

To properly evaluate a putative association between breast cancer risk and Wolfe 

classification (P2 and Dy), observers needed to be blind to breast cancer status and 
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the results needed to be adjusted for confounders. Studies conducted in this 

manner produced consistent results, and Wolfe’s classification started to be 

widely used. A meta-analysis in 2006 found the relative risk across Wolfe’s 

classification was 4.0 (95% confidence interval [CI], 2.5–6.3) for the extreme 

dense category (Dy) compared with the least dense category (N1) [64]. 

Similar to Wolfe’classificaion, the Tabar classification of mammographic 

parenchymal patterns was introduced [98] with additional categories for 

premenopausal women who have low density compared with premenopausal 

women who have high density. The Tabar classification includes five categories: 

I, II, II, IV and V that range from low-risk to high-risk for breast cancer. 

Currently, neither the Wolfe nor the Taber classifications are widely used because 

they are no longer considered to be relevant to, or reliable for, modern radiology 

practices [99]. 
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Table 1.3. Characteristics of cohort and case-control studies of Wolfe 
classification of mammographic features as predictors of breast cancer risk [64]. 

Country Year First author Cases Controls Age range 
Risk estimate 

(95% CI) 

Adjusted, 

study design 

Category Partitions: Dy versus N1 

USA 1976 Wolfe [84] 56 5,284 30+ 38.1 (11.3–128.1) α None, cohort 

USA 1976 Wolfe [84] 20 1,930 30+ 20.3 (2.7–155.1) α None, cohort 

USA 1976 Wolfe [83] 40 5,244 30+ 16.0 (4.3–60.2) α None, cohort 

USA 1977 Egan [100] 131 6,334 30+ 0.9 (0.7–1.1) α Age, cohort 

USA 1977 Peyster [101] 402 1,036 30+ 1.2 (0.9–1.61) β Age, CC 

USA 1978 Hainline [89] 171 171 35–79 4.5 (2.1–9.8) β Age, CC 

South Africa 1978 Brebner [102] 300 2,702 20+ 1.7 (0.9–3.1) β Age, CC 

USA 1979 Egan [100] 658 13,465 30+ 5.8 (2.9–11.4) β Age, CC 

USA 1980 Moskowitz [96] 67 7,966 35-74 1.2 (0.6–2.4) α Age, cohort 

Israel 1981 Weich [103] 442 1,000 30+ 1.9 (1.3–2.7) β Age, CC 

Canada 1982 Boyd [10] 183 183 36–65 3.3 (1.8–5.9) β Age, CC 

Canada 1982 Boyd [104] 183 183 40–65 0.9 (0.5–1.71) β Age, CC 

Sweden 1982 Tabar [105] 187 26,970 40+ 3.0 (1.6–5.5) β Age, CC 

Sweden 1982 Tabar [105] 183 1,674 40+ 3.4 (1.8–6.7) β Age, CC 

USA 1982 Brisson [106] 408 1,021 20+ 1.9 (1.1–3.3) β None, CC 

UK 1983 Chaudary [107] 60 937 30+ 4.0 (1.3–12.8) β None, CC 

USA 1984 Brisson [108] 362 686 40–62 2.7 (1.5–4.8) β Age & BMI, CC 

USA 1985 Carlile  [91] 706 1,412 NK 3.1 (1.7–5.5) β Age & BMI, CC 

Canada 1989 Brisson [109] 290 645 40–62 3.7 (1.8–7.4) β Age & weight, CC 

UK 1990 De Stavola [110] 58 4,896 30+ 1.5 (0.9–2.7) α Age & BMI, cohort 

USA 1991 Saftlas [111] 266 301 35–74 2.5 (1.3–5.4) β Age & weight, CC 

Italy 1993 Ciatto [112] 126 17,745 40–70 5.0 (1.9–13.3) α Age, cohort 

Canada 1993 Holowaty [113] 280 5,780 40–59 2.1 (1.5–3.0) α Age, cohort 

USA 1995 Byrne [114] 1,880 2,152 35–74 2.7 (2.0–3.7) α Age & BMI, cohort 

UK 1998 Sala [115] 747 2,221 50–69 1.8 (1.0–2.9) α None, CC 

USA 2002 Thomas [116]  547 472 Under 50 6.1(3.5–10.8) α Age, CC 

Japan 2003 Nagao [117] 237 742 Mean 52 2.2 (1.0–4.8) β Age, CC 

UK 2005 Torres-Mejia [118] 111 3,100 34–80 3.9 (1.8–8.6) α Age & BMI 

α incidence risk; β relative risk; pre, pre-menopausal; post, post-menopausal; BMI, body 
mass index; CC, case-control; NK, not known. 
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Table 1.3 Continued … 

Country Year First author Cases Controls Age range 
Risk estimate 

(95% CI) 

Adjusted, 

study design 

Category Partitions: Dy+P2 versus N1+P1 

USA 1976 Wolfe [84] 56 5,284 30+ 21.6 (2.9–160.8) α None, cohort 

USA 1976 Wolfe [84] 20 1,930 30+ 9.4 (4.7–18.5) α None, cohort 

Sweden 1982 Janzon [119] 118 14,992 40–69 1.7 (1.1–2.4) β Age, CC 

Netherlands 1984 Verbeek [120] 20 60 35–64 0.7 (0.2–2.4) α Age & BMI, CC 

Canada 1984 Horwitz [121] 105 103 45+ 1.1 (0.6–1.9) β Age matched, CC 

Japan 1984 Kojima 160 160 30–85 8.2 (4.8–14.1) α Age, CC 

USA 1987 Wolfe  [122] 552 1,564 30–85 3.3 (1.9–5.7) α Age matched, CC 

USA 1986 Saftlas [123] 266 301 35–74 2.8 (1.6–5.1) λ Age & weight, CC 

USA 1995 Kato [124] 52 195 Pre 3.8 (0.8–17.9) α BMI, cohort 

USA 1995 Kato [124] 91 178 post 2.0 (1.1–3.8) α BMI, cohort 

Sweden 1996 Thurfjell [125] 295 589 40–74 2.1 (1.5–2.9) α Age, cohort 

Finland 1998 Salminen [126] 68 4,095 40–47 2.5 (1.5–4.0) α Age, cohort 

Finland 1998 Salminen [126] 68 4,095 40–47 2.8 (1.7–4.9) α Age & BMI, cohort 

Finland 2000 Salminen [127] 68 4,081 40–53 4.9 (1.6–15.1) Age, CC 

UK 2001 Sala [128] 875 2,061 NK 1.5 (1.0–2.2) λ None, CC 

α incidence risk; β relative risk; λ odds ratio; pre, pre-menopausal; post, post-menopausal; BMI, body mass 

index; CC, case-control; NK, not known. 
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1.6.2 Breast Imaging Reporting and Data System 

Since the 1990s, both the Wolfe and the Tabar classifications have largely 

been replaced by the Breast Imaging Reporting and Data System (BIRADS) [129] 

by the American College of Radiology. BIRADS was originally designed as a six-

category standardised clinical tool that could be used worldwide by trained 

radiologists, especially those in North America, Europe and Asia, to record visual 

and subjective mammogram features.  

 Initially, BIRADS was not designed to estimate breast cancer risk but 

instead it was designed to allow radiologists to indicate their level of concern that 

small breast cancers could be missed due to masking [130]. Later, BIRADS was 

used for research purposes and re-classified into four categories of 

mammographic density, from lowest (fatty breast) to highest (extremely dense 

breast; see Table 1.4). The major weakness of this subjective method is its lack of 

reproducibility due to large intra-class and agreement variability within and 

between radiologists.  

 Estimates of the strength of association between BIRADS classifications 

of mammographic density and breast cancer risk are varied due to lack of 

adjusting for potential confounders, especially BMI, especially when using 

percent density to represent the risk factor. Multiple BIRADS studies (Table 1.5) 

have found strong evidence that percent density is highly associated with breast 

cancer risk for cohort studies [131-137] and for case-control studies [138-140]. Other 

reports found no evidence of an association [136, 141-143]. The relative risk was 

estimated to be 4.0 (3.0-5.6) for (extremely density, >75%) compared with (low 
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density, <25%) [64]. Recent studies show that BIRADS performs slightly better in 

term of discrimination than other methods [144, 145]. However, there is no 

statistically significant evidence of differences in the AUCs, that is, there is no 

evidence of better discriminatory ability of cases versus controls using BI-RADS 

compared with other mammographic density measures. 

 

Table 1.4. Breast Imaging Reporting and Data System (BIDADS, version 5) 
classification and definition [129] 

Categories Definition 

BIRADS 1 Entirely fat (<25% density) 

BIRADS 2 Scattered fibroglandular densities (25% to 49% density) 

BIRADS 3 Heterogeneously dense with small masses (50% to 74% density) 

BIRADS 4 Extremely dense (>75% density) 
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Table 1.5. Characteristics of cohort and case-control studies of mammographic 
features measured by the Breast Imaging Reporting and Data System (BIRADS) 
as predictors of breast cancer risk 

Country Year First author Cases Controls Age range 
Risk estimate 

(95% CI) 

Adjusted, 

study design 

Category Partitions: BIRADS 4 versus BIRADS 1 

Canada 1995 Boyd [131] 354 354 Mean 50 4.0 (2.1–7.7) α Age & BMI, cohort 

USA 2000 Lam [138] 529 2,116 <40 to 80+ 4.5 (1.9–10.6) λ Age, ceight, CC 

USA 2004 Ziv [132] 701 44,110 Mean 55 1.7 (1.1–2.7) α Age & BMI, cohort 

USA 2004 Vacek [133] 1,291 60,653 35–75 4.0 (2.8–5.7) α Age & BMI, cohort 

USA 2004 Vacek [133] 337 23,901 Pre 4.6 (1.7–12.6) α Age & BMI, cohort 

USA 2004 Vacek [133] 854 36,752 Post 3.9 (2.6–5.8) α Age & BMI, cohort 

USA 2007 Hwang [141] 3,274 1,157 30–93 1.4 (0.9–2.1) α Age, cohort 

Denmark 2009 Olsen [134] 989 133,651 50–79 1.6 (1.1–2.3) α Age, cohort 

USA 2010 Kerlikows [135] 12,090 573,279 30+ 1.6 (1.3–1.9) α Age & BMI, cohort 

USA 2010 Habel [142] 935 286 20–84 2.0 (0.7–5.8) β Age & BMI, CC 

USA 2012 Razzaghi [139] 1,019 1,292 28–74 2.5 (1.0–6.1) β Age & BMI, CC 

USA 2012 Gierach [136] 9,232 17,339 30+ 0.9 (0.7–1.2) α Age & BMI, cohort 

USA 2012 Cecchini. [137] 13,409 6,338 Mean 58.5 1.4 (1.1–1.6) α Age & BMI, cohort 

USA 2013 Tice et al. [146] 1,359 41,459 30+ 5.3 (3.5–8.1) α Age & BMI, cohort 

UK 2014 Eng [143] 401 655 50–70 3.0 (0.5–17.5) β No, CC 

Denmark 2016 Winkel [140] 121 259 Mean 58 3.9 (1.9–8.2) β Age & BMI, CC 

α incidence risk; β relative risk; λ odds ratio; pre, pre-menopausal; post, post-menopausal; BMI, body mass 
index; CC, case-control; NK, not known. 
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1.6.3 CUMULUS measures 

CUMULUS (University of Toronto, Toronto, Canada) is a semi-automatic 

computer-assisted interaction thresholding technique that has become the gold 

standard for measuring mammographic density [14]. CUMULUS was the first 

approach to provide a quantitative estimate of mammographic density. On a 

digitised mammogram, the brightness of each pixel is represented by a grey-level 

value.  The observer selects two threshold grey-level values. The first threshold 

distinguishes the breast area from the non-breast area (background). This 

threshold defines the region inside the red edge in Figure 1-9 and is used to 

measure the breast area. The second threshold, known as the pixel density 

threshold, captures what is considered to be the dense area, the white or bright 

areas on the mammogram. This threshold defines the region inside the green edge 

in Figure 1-9 and is used to measure the dense area [147]. 

There is strong evidence that mammographic density measured by 

CUMULUS is a reliable predictor for breast cancer risk for both screen-film 

mammography and full-field digital mammography [143, 148-150]. The appearance of 

mammographic density could differ by type of mammography (e.g., screen-film 

or digital) or by manufacturer due to differences in processing and other factors 

(e.g., breast compression), so the edge threshold and density threshold for each 

image must be  visually selected by the a trained reader.  
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Figure 1-9 Example of mammographic density segmentation from screen-film 
mammography measured by the Cumulus method. The edge threshold (red 
border) distinguishes the breast from the background, and the density threshold 
(green border) defines the dense area.  
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The advantage of this method is that it can be trained by both radiologists 

and non-radiologists. The method is based on a two-dimensional image and can 

provide multiple continuous measures. When mammographic density is defined as 

the white or bright areas, as has been the convention, I refer to these as Cumulus 

measures of mammographic density. These can be reported as: (i) dense area, (ii) 

percentage density (calculated as the proportion of total area that is dense area), 

(iii) non-dense area (calculated by subtracting the dense area from the total breast 

area) and (iv) total breast area. For women of the same age and BMI, those with a 

high absolute dense area or high percentage density (≥75%) have a 4- to 6-fold 

increased risk of breast cancer compared with women with low absolute dense are 

or low percentage density (<10%) [64]. 

The CUMULUS approach facilitates the quantification of mammographic 

density and typically there is a high degree of agreement within and between 

observers, even for non-radiologists with less experience in mammography. For 

example, for within a measurer and between with other measurers, the intra-class 

correlation has been reported to be in the range 0.9 to 0.95 [18, 67, 151]. 
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Table 1.6. Characteristics of cohort studies of mammographic features measured 
by CUMULUS as predictors of breast cancer risk (since 2005) 

Country Year Authors 
Case

s 

Control

s 

Age 

range 

Risk estimate  

(95% CI) 

Adjusted, 

study design 

UK 2006 
McCormack & dos 

Santos Silva [64] 

4,50

8 
8,342 40–70 4.6 (3.6–5.9) β Meta-analysis 

Canada 2006 Boyd et al. [152] 557 557 
Mean 

56.7 
5.9 (2.2–15.6) λ Age, CC 

USA 2007 Tamimi et al. [153] 253 520 30–55 3.8 (2.2–6.6) λ 
Age & BMI, 

NCC 

Canada 2007 Boyd et al. [148] 
1,11

2 
1,112 40–80 4.7 (3.0–7.4) λ 

Age & BMI, 

NCC 

USA 2010 Martin et al. [75] 
1,16

4 
1,158 Mean 56 1.4 (1.1–1.7) λ Age, NCC 

Netherlands 2011 Lokate et al. [154] 358 859 49–70 2.8 (1.7–4.8) λ 
Age & BMI, 

NCC 

USA 2011 Pettersson et al. [155] 464 998 Pre 2.0 (1.5–2.8) λ BMI, NCC 

USA 2011 Pettersson et al. [155] 960 1,662 Post 2.2 (1.7–2.9) λ BMI, NCC 

USA 2011 Conroy et al. [156] 341 607 Mean 60 
ER+PR+ 

1.3 (1.2–1.4) λ 

Age & BMI, 

NCC 

USA 2011 Conroy et al. [156] 50 607 Mean 60 
ER− PR− 

1.0 (0.8–1.2) λ 

Age & BMI, 

NCC 

USA 2011 Conroy et al. [156] 64 607 Mean 60 
ER+PR−/ER−PR+ 

 1.2 (1.1–1.4) λ 

Age & BMI, 

NCC 

USA 2013 Yaghjyan et al. [157] 
1,02

8 
1,780 30–55 3.1 (1.6–6.3) λ 

Age & BMI, 

NCC 

Sweden 2013 Sandberg et al. [158] 211 211 NK 2.9 (1.0–8.2) λ 
Age & BMI, 

NCC 

Australia 2013 Baglietto et al. [76] 590 1,695 40–79 1.5 (1.3–1.7) λ 
Age & BMI, 

NCC 

Denmark 2014 Nielsen et al. [159] 226 422 50+ 1.4 (1.2–1.7) λ 
Age & BMI, 

NCC 

USA 2014 Pettersson et al. [160] 
1,77

6 
2,834 Pre 1.4 (1.3–1.5) λ Meta-analysis 

USA 2014 Pettersson et al. [160] 
6,64

3 
11,187 Post 1.4 (1.3–1.4) λ Meta-analysis 

Australia 2016 Krishnan et al. [149] 244 700 56 1.2 (1.0–1.4) λ 
Age & BMI, 

NCC 

β relative risk; λ odds ratio; pre, pre-menopausal; post, post-menopausal; BMI, body mass index; CC, 
case-control; NCC, nested case-control; NK: not known; ER, estrogen receptor; PR, progesterone 
receptor.  
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Table 1.7. Characteristics of case-control studies of mammographic features 
measured by CUMULUS as predictors of breast cancer risk (since 2005) 

Country Year Authors Cases Controls Age range 
Risk estimate  

(95% CI) 
Adjusted, 

Study design 

       
USA 2007 Vachon et al. [161] 372 713 Mean 61 3.7 (2.2–5.9) λ Age & BMI, CC 

Australia 2008 Kavanagh et al. [162] 1,706 5,637 50–69 4.7 (3.0–7.3) λ Age, CC 

UK 2010 Ding et al. [163] 370 1,904 50–75 2.6 (1.8–3.9) λ Age, CC 

USA 2010 Habel et al. [142] 935 286 20–84 1.8 (1.2–2.9) 

α Age & BMI, NCC 

USA 2011 Yaghjyan et al. [164] 1,042 1,794 Mean 60 3.4 (2.5–4.7) λ Age & BMI, NCC 

USA 2011 Shepherd et al. [165] 275 825 Mean 57 2.5 (1.5–4.3) λ Age & BMI, CC 

Canada 2013 Linton et al. [62] 228 228 
Mean 51,  

sister 
2.2 (1.2–4.0) λ Age & BMI, CC 

Canada 2013 Linton et al. [62] 228 228 
Mean 51,  
non-sister 

2.6 (1.6–4.3) λ Age & BMI, CC 

USA 2013 Yaghjyan et al. [157] 1,028 1,780 40–75 
Overall:  

3.4 (2.5–4.7) λ 
Age & BMI, NCC 

USA 2013 Yaghjyan et al. [157] 220 481 Mean 63 
<2 years:  

3.1 (1.6–6.3) λ 
Age & BMI, NCC 

USA 2013 Yaghjyan et al. [157] 317 513 Mean 63 
2–5 years:  

5.4 (2.9–9.8) λ 
Age & BMI, NCC 

USA 2013 
Yaghjyan et al. [157] 

361 571 Mean 66 
5–10 years:  

3.9 (2.2–6.9) λ 
Age & BMI, NCC 

USA 2013 
Yaghjyan et al. [157] 

130 215 Mean 70 
>10 years:  

1.2 (0.4–3.6) λ 
Age & BMI, NCC 

Australia 2013 Nickson et al. [150] 985 4,975 40–79 2.0 (1.6–2.5) λ Age, CC 

Sweden 2013 Sandberg et al. [158] 211 211 <45 to 65+ 2.9 (1.0–8.2) λ Age, CC 

UK 2014 Sovio et al. [166] 299 422 Mean 41 1.6 (1.3–1.9) λ Age & BMI, CC 

UK 2014 Eng et al. [143] 414 685 50–70 2.5 (1.5–4.0) λ Age & BMI, CC 

UK 2014 Warwick et al. [167] 72 486 35–70 1.9 (1.3–2.8) λ Age & BMI, CC 

UK 2015 Assi et al. [53] 101 191 40–49 1.1 (1.0–1.2) λ Non-dense area, CC 

UK 2015 Brentnall et al. [168] 697 49,931 47–73 1.5 (1.3–1.6) λ Age & BMI, CC 

USA 2016 Habel et al. [169] 297 1,149 Mean 64 1.5 (1.3–1.8) λ Age & BMI, NCC 
α hazard ratio; λ odds ratio; pre, pre-menopausal; post, post-menopausal; BMI, body mass index; CC, 
case-control; NCC, nested case-control. 
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1.6.4 Automated measures  

 All of the measures of mammographic density discussed above, including 

those made using the CUMULUS software with a high degree of repeatability and 

reliability, require visual assessment and are therefore subjective. In addition, 

CUMULUS has a few limitations: the mammographic density measurement 

depends on the quality of the mammograms and manufacturer of the machine, it is 

time consuming, and it only assesses two-dimensional images of the breast. In 

recent years, during which screen-film mammography has been slowly replaced 

by digital mammography, opportunities have arisen for automated assessment of 

mammographic density for screen-film mammography [150] and digital 

mammography [170]. Automated algorithms for estimating breast cancer risk from 

mammography features and characteristics [171, 172] are currently available and new 

techniques are being developed. Volpara, a commercial fully automated 

volumetric, three-dimensional, technique has been applied in clinical practice [173-

175]. Currently, Volpara is widely used across the United States and in several 

European and Asian countries [176].  

 As discussed above, mammographic density has consistently been shown 

to be one of strongest risk factors for breast cancer risks, regardless of the method 

of measurement. With the advancement of new technology and automated 

measures, large clinical practice and population-based studies will become more 

feasible. However, with the shift to digital mammography, there is a need to find 

how to best measure mammographic density to predict breast cancer risk. 
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 The aim of my PhD is to ask if redefining mammographic density 

based on higher pixel-brightness thresholds is better for improving 

prediction of future risk for breast cancers. 
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Chapter 2. New definition of mammographic density based on higher pixel 

brightness thresholds 

 

2.1. Motivation 

As discussed in Chapter 1, mammographic density is defined as the white 

or bright areas on a mammogram, and when measured using the CUMULUS 

computer-assisted thresholding method has been found to be associated with 

breast cancer risk [12, 14]. For women of the same age and BMI, those with 

extremely high mammographic density (top quartile) are at a 4- to 6-fold 

increased risk of breast cancer compared with those with low mammographic 

density (lowest quartile)  [64].  

Regardless of the measurement method [177], population [178] and ethnicity 

[179], higher mammographic density (as conventionally defined) is associated with 

breast cancer risk. The regions of dense breast tissue and breast tumours have 

similar X-ray attenuation properties, and consequently, some breast tumours are 

not detected because they are hidden between or within dense regions [180]. This 

masking of tumours could explain the association between breast cancer risk and 

mammographic density, especially for interval breast cancers (breast cancers that 

are detected within 2 years of a [so called negative] screen that did not detect 

breast cancer) [90]. For example, in women who are negative at a mammographic 
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screening, those with greater than 75% mammographic density have an 17.8-fold 

increased risk of being diagnosed with an interval cancer [148] and a 2- to 6-fold 

increased risk of being diagnosed with a screen-detected cancer [148] compared 

with those with less 10% mammographic density.  

Before the introduction of digital mammography, screen-film 

mammography was a dedicated radiographic system used for the screening and 

diagnosis of breast cancer worldwide. In 1976, Wolfe, a specialist in 

mammography, was the first to find that there was a strong association between 

categories of breast parenchymal patterns and the risk of breast cancer [84]. Since 

then, studies using digitised screen-film mammograms, in particular nested case–

control studies within large population screening programs [13, 14, 181], have found 

consistent relationships between the amount of mammographic density and breast 

cancer [10, 11].  

In this thesis, I ask if the definition of mammographic density being used 

to date is optimal for predicting women at risk. While Wolfe referred to patterns 

of mammographic density, CUMULUS measures the areas or proportion of the 

breast that appear white or bright. These are not necessarily the same concepts. 

Furthermore, there are problems with the concept of mammographic 

density as a risk factor, not the least because the density decreases with age, 

especially around the years of menopause, while breast cancer risk increases 

rapidly with age. Furthermore, mammographic density, in particular percent 
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density, is negatively associated with BMI, while breast cancer risk for post-

menopausal women increases with BMI. Finally, there is the paradox that Asian 

women have higher percent mammographic density yet lower incidence of breast 

cancer than Caucasian women. Clearly there are many issues to consider and the 

current concept of mammographic density is not necessarily satisfactory.     

The above issues have been the motivation for me asking if defining 

mammographic density at higher pixel brightness thresholds than has been 

conventional give better breast cancer risk prediction. I have done this for Asian 

and Caucasian women, screen-film and digital mammography (and for different 

digital mammography manufacturers), interval and screen-detected cancers, and 

ductal cancer in situ and invasive disease. First, I will define my new measures, 

and describe how well they were measured by the observers I trained.  

2.2. Definition of Altocumulus and Cirrocumulus 

CUMULUS: semi-interactive computer-assisted thresholding software. 

Cumulus: the conventional measure of mammographic density defined as the white 

or bright areas on a mammogram, measured by CUMULUS; see Figure 2-1 and 

Figure 2-2B. 

Altocumulus: measure of mammographic density defined as the bright areas on the 

mammogram in effect at one higher level of pixel-brightness, measured by 

CUMULUS; see Figure 2-2C. 

Cirrocumulus: measure of mammographic density defined as the brightest areas on 

the mammogram in effect at two higher levels of pixel-brightness, measured by 

CUMULUS; see Figure 2-2D. 
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Figure 2-1 shows mammographic density defined as the white or bright 

areas on a mammogram, and is therefore considered to have excluded the fatty 

breast tissue on the mammogram, which appears dark [14]. Much justified attention 

has focused on repeatability across measurers. The most commonly used 

measurement method is the semi-interactive computer-assisted thresholding 

method using the CUMULUS software (version 4.0, University of Toronto, 

Canada). From now on I will refer this conventional measure as Cumulus.  

 
 

Figure 2-1 Example of the conventional method, called Cumulus, for a screen-
film mammogram (top) and a full-field digital mammogram (bottom).       
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Despite its limitations (see Chapter 1), Cumulus has been the gold 

standard for measuring mammographic density [182]. There is strong evidence that 

the mammographic density that Cumulus measures is a reliable predictor of breast 

cancer risk for both screen-film and full-field digital mammography [183-188]. 

Using the CUMULUS software, I introduced two new measures by re-

defining mammographic density at higher levels of pixel-brightness thresholds. I 

call these Altocumulus and Cirrocumulus; see Figure 2-2 (C and D).  

 
 

Figure 2-2 Panel A: Distinguishing the breast from the background; Panel B: 
Cumulus (percent density 45%); Panel C: Altocumulus (14%); Panel D: 
Cirrocumulus (3%). 
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2.2.1 Altocumulus 

Using CUMULUS, Altocumulus is defined by selecting the regions that 

appear bright, as distinct from white, and in effect is using a higher brightness 

threshold that excludes the grey areas within the regions selected by the Cumulus 

measure (see Figure 2-3 B1 and B2). That is, not only the black or darker areas, 

but also the grey areas that are usually selected when we measure Cumulus, are 

excluded when we measure Altocumulus; see Figure 2-4.  

 

Figure 2-3 A: Conventional Cumulus measure (percent density 44.88%) and B: 
Altocumulus measures (percent density 13.87%). 
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Figure 2-4 Example of Altocumulus measures distinct from Cumulus measures.  

 

One of the limitations of this method is that the measurer has to 

concentrate on distinguishing between the grey areas and whiter areas on the 

mammogram. Table 2.1 shows, for dense area, that the repeatability for 

Altocumulus measures was high with the intra-class correlations greater than 0.9 

for between set and within set comparisons by for both measurers (who were 

trained by the candidate). Furthermore, the intra-class correlation between 

measurers was greater than 0.9.  
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Table 2.1. Estimation of the intra-class correlation and 95% confidence interval 
for measurer #1, measurer #2 and between the two measurers for dense area and 
percent density for the Altocumulus measure 

   
Dense area 

 
Percent density 

Alphabet Study (Chapter 3) ICC 95% CI 
 

ICC 95% CI 

 
Measurer #1 

     

  
Within  set 0.980 0.976–0.984 

 
0.959 0.950–0.967 

  
Between set 0.979 0.975–0.983 

 
0.955 0.944–0.964 

 
Measurer #2 

     

  
Within  set 0.990 0.988–0.992 

 
0.945 0.933–0.955 

  
Between  set 0.989 0.986–0.992 

 
0.944 0.931–0.955 

        

 
Between Measurers 0.936 0.930–0.941 

 
0.838 0.821–0.855 

ICC, intra-class correlation; 95% CI, 95% confidence interval. 

 

Figure 2-5 shows an example comparing the two measurers. The Bland–

Altman plot shows that, on average, one measurer is measuring at a higher pixel 

threshold than the other when the area of bright regions is high, and the variation 

increases with the higher average of the measures. The scatter plot shows the 

Altocumulus measures once they have been transformed and adjusted for age and 

BMI (as in the OPERA concept; see Section 2.4.2 below). The Pearson’s 

correlation between measurer #1 and measurer #2 in the Altocumulus measure 

adjusted for age and BMI was 0.81 (95% confidence interval [CI]: 0.79–0.83). 
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Figure 2-5 Bland–Altman plot (top) and scatter plot (bottom) for Altocumulus 

measures by two measurers.  
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2.2.2 Cirrocumulus 

  

Using CUMULUS, and as an extension of the Altocumulus concept in 

Section 2.2.1, Cirrocumulus is defined by selecting the regions that appear 

brightest, as distinct from bright or white, and in effect is using a higher 

brightness threshold that excludes the bright areas within the regions previously 

selected by the Altocumulus measure; see Figure 2-6 A and B. That is, the bright 

areas that are usually selected when we measure Altocumulus are excluded when 

we measure Cirrocumulus.  

 

 

Figure 2-6 Example of the Altocumulus measure (left) and the Cirrocumulus 

measure (centre and right), which selects the brightest area within the Altocumulus 

region (A and B). For the Cirrocumulus measure, the (percent density is 3%. 
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Figure 2-7 Bland–Altman plot (top) and scatter plot (bottom) for Cirrocumulus 

measures by two measurers  
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Figure 2-7 shows an example comparing the two measurers. The Bland–

Altman plot shows for the Cirrocumulus measure that, on average, the two 

measurers are measuring at a similar pixel threshold. The variation increases with 

the higher the average of the measures. The scatter plot shows the Cirrocumulus 

measures once they have been transformed and adjusted for age and BMI (as in 

the OPERA concept; see Section 2.4.2 below). The Pearson’s correlation between 

measurer #1 and measurer #2 for the Cirrocumulus measure adjusted for age and 

BMI was 0.73 (95% CI: 0.71–0.76). 

 Table 2.2 shows, for dense area by the same measurer, that the 

repeatability for the Cirrocumulus measure was high with the intra-class 

correlation greater than 0.9 for between set and within set comparisons. The intra-

class correlation between two measurers was greater than 0.8. 

Table 2.2. Example for estimation of intra-class correlation and 95% confidence 
interval for measurer #1, measurer #2 and between the two measurers for dense 
area and percent density for the Cirrocumulus measure 

   Dense area  Percent density 
Alphabet Study (Chapter 3) ICC 95% CI  ICC 95% CI 

 Measurer #1      
  Within  set 0.947 0.930–0.959  0.921 0.896–0.939 

  Between set 0.947 0.931–0.960  0.920 0.895–0.939 

 Measurer #2      

  Within  set 0.933 0.919–0.946 
 

0.818 0.767–0.860 

  Between  set 0.956 0.942–0.966 
 

0.885 0.851–0.913 

        
 

Between Measurers 0.845 0.796–0.894 
 

0.740 0.686–0.794 

CI, confidence interval; ICC, intra-class correlation 
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2.3. Protocol for making multiple measurements on the same woman 

To ensure a fair comparison of the different measures, we first measured 

Cumulus, Altocumulus and Cirrocumulus blind to breast cancer status and blind to 

any other measures. This enabled me to see if the new methods (Altocumulus and 

Cirrocumulus) performed better than the conventional mammographic density 

measure (Cumulus) in predicting breast cancer risk (see Chapters 3 to 6). This 

was a strength of the study design but was vulnerable to measurement error 

because the Cumulus, Altocumulus and Cirrocumulus measurements produced for 

a given woman might not be in a strictly decreasing order. Most methods, 

including automated methods, have issue of measurement error. However, as the 

trained observers were blinded with respect to the breast cancer status of the 

women whom the mammogram was measured, and the trained observers 

demonstrated a high reliability and repeatability, the issue of measurement error 

is minimal and is unlikely to have affected the general conclusion of this reseach. 

Once I had established that breast cancer risk prediction depended on the 

pixel brightness threshold, I then conducted a study in which Cumulus, 

Altocumulus and Cirrocumulus were measured successively at the one time, un-

blinded to the other measures (see Chapter 7). This ensured that the Cumulus, 

Altocumulus and Cirrocumulus measures for a given woman were in a strictly 

decreasing order because the Altocumulus region must be within the Cumulus area 

and the Cirrocumulus region must be within the Altocumulus region. In 

theory, this would give better risk discrimination if my hypothesis is correct.     
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2.4. The major issues covered in this thesis  

 My role in each of these Chapters was as the intellectual lead, the analyst 

and as one of the observers. 

The major issues covered in my thesis are summarised in Table 2.3. The 

relative abilities of these measures to predict breast cancer were then studied: (a) 

for Caucasian women in Australia (Chapter 3 and Chapter 6) and for Asian 

women in South Korea (Chapter 4, Chapter 5 and Chapter 7); (b) by breast 

cancer subtypes – invasive breast cancer versus DCIS (Chapter 7); (c) by modes 

of detection – interval cancer versus screen-detected cancer (Chapter 6); (d) for 

screen-film mammography (Chapter 3 and Chapter 6) and full-field digital 

mammography (Chapter 4, Chapter 5 and Chapter 7); (e) by study design, 

setting and analysis methodology – case–control (Chapter 3 to Chapter 5 and 

Chapter 7) and case–control nested in a cohort (Chapter 6), using conditional 

logistic regression (Chapter 4 to Chapter 7) and unconditional logistic 

regression adjusted for age-group by matching (Chapter 3); (f) by age at 

diagnosis – early-onset with mean less than 50 years (Chapter 3, Chapter 5 and 

Chapter 7) and late-onset with mean greater than 50 years (Chapter 4) or around 

60 years (Chapter 6); (g) by visual measurement (Cumulus, Altocumulus and 

Cirrocumulus) versus automated measurement  (LIBRA); (h) and for digital 

mammography, by manufacturer – General Electric versus Hologic (Chapter 5). 
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Table 2.3. Major issuesa covered in this thesis, by Chapter. The candidate’s roles in each of these Chapters was as the intellectual lead, the 

analyst and as one of the observers. 

Chapter 
 

Caucasian Screen-film Invasive 
Screen- 

detected 

Conventional 

MDc 

Late-

onset 

Case–control 

study 
Visual General Electric 

Asian  
d − Ch. 4, 5&7 Ch. 4, 5 & 7 Ch. 4, 5&7 Ch. 4 Ch. 4, 5 & 7 Ch. 4, 5 & 7 Ch. 4, 5 & 7 

Full-field 
digital  − d Ch. 4,5&7 Ch. 4, 5 &7 Ch. 4, 5&7 Ch. 4 Ch. 4, 5 & 7 Ch. 4, 5 & 7 Ch. 4, 5 & 7 

DCISb  − − Ch. 7 Ch. 7 Ch. 7 − Ch. 7 Ch. 7 Ch. 7 

Interval  Ch. 6 Ch. 6 Ch. 6 Ch. 6 Ch. 6 Ch. 6 Ch. 6 Ch. 6 − 

Higher pixel 
threshold MDc Ch. 3 & 6 Ch. 3 & 6 Ch. 3−7 Ch. 3−7 Ch. 3−7 Ch. 4, 6 Ch. 3−7 Ch. 3−7 Ch. 4, 5 & 7 

Early-onset  Ch. 3 Ch. 3 Ch. 3, 5 & 7 Ch. 3, 5 & 7 Ch. 3, 5 & 7 d Ch. 3, 5 & 7 Ch. 3, 5 & 7 Ch. 3, 5 & 7 

Cohort study  Ch. 6 Ch. 6 Ch. 6 Ch. 6 Ch. 6 Ch. 6 Ch. 6 Ch. 6 − 

Automated  − − Ch. 5 Ch. 5 Ch. 5 − Ch. 5 Ch. 5 Ch. 5 

Hologic  − − Ch. 4 & 5 Ch. 4 & 5 Ch. 4 & 5 Ch. 4 & 5 Ch. 4 & 5 Ch. 4 & 5 Ch. 4 & 5 

a Ethnicity (Caucasian/Asian); diagnosis assessment mammography methods (screen-film/digital); manufacturer (indirect detector: General Electric/direct detector: Hologic); breast cancer 

subtype (invasive/DCIS); mode of detection (screen-detected/interval); mammographic density measurement methods (conventional: Cumulus/higher pixel-threshold: Altocumulus and 

Cirrocumulus); age at diagnosis (young or early, <50 years/old or late onset, 50+ years); study design (case–control/cohort);  visual/automated; statistical analysis methods (conditional 

/unconditional logistic regression); b Ductal carcinoma in situ; c Mammographic density; d Comparisons are also included in Chapter 8. 
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2.5. Approach to statistical analysis 

2.5.1 Adjustment for age and BMI 

When studying mammographic density as a risk factor for breast cancer, it 

is critical to take into account two major negative confounders: age and BMI. As 

explained in Chapter 1.5, mammographic density is negatively associated with 

age and BMI, while breast cancer is positively associated with age and BMI. 

Therefore, when considering mammographic density as a risk factor for breast 

cancer, one needs to think of mammographic density adjusted for age and BMI.  

It is also possible that mammographic density is associated with other 

breast cancer risk factors, such as family history of breast cancer, menopausal 

status and number of live births. However, the percentage of variance (at least for 

Cumulus) explained by these risk factors is far less than that explained by BMI 

and age. Nguyen et al. [73] found that after adjusting percent dense area or absolute 

dense area for age and BMI, only 4% of the variance was explained by the other 

risk factors.  

2.5.2 Odds per adjusted standard deviation  

To compare the ability of different measures of mammographic density to 

differentiate cases from controls, I need to be able to estimate the risk gradients 

for the mammographic density measures adjusted for age and BMI. Consequently, 

I used the OPERA concept for measuring the ability of a risk factor to 

discriminate cases from controls [65]; see also Appendix.  
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The key feature of OPERA is that an epidemiological risk factor is not just 

the measure itself, but it is the measure adjusted for all of the factors matched for 

in the study design and adjusted for statistically in the analysis. While it is 

common practice to estimate the risk gradient of a measure in terms of its standard 

error calculated from controls without adjusting for any covariates, that does not 

properly represent the risk gradient. Other problems with the using the unadjusted 

standard error have previously been expressed [189, 190]  

When it comes to mammographic density as a risk factor for breast cancer, 

the existence of strong negative confounders (age and BMI) make this issue even 

more important. As explained in Nguyen et al. [73], age and BMI explain about 

29% of the variance of unadjusted percent dense area. The adjusted standard 

deviation (SD) is (1 − 0.29)0.5 = 0.85 times the cross-sectional SD. Hence, the 

OPERA [65] is 0.85 times the odds ratio per cross-sectional SD, which is a 15% 

decrease. In contrast, only 5% of the variance of dense area is explained by age 

and BMI [73], which means that the OPERA is 0.975 times the cross-sectional SD, 

a 2.5% decrease. Mammographic density is an important example of why OPERA 

is the appropriate way to compare risk gradients, which is a main aim of this 

thesis. Therefore, I considered the age- and BMI-adjusted values for the different 

measures (i.e., the residuals of the measures after adjusting for age and BMI). I 

then standardised the residuals to have a SD equal to 1. Importantly, this 

procedure needs to be performed on data from the population for which inference 

is being made. For the case–control studies, I used the data from the controls to do 

this.  
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I was the first person to use OPERA when I analysed data on bone density 

as a risk factor for breast cancer using a Korean case–control study [191]. 

To date, the two strongest risk factors for breast cancer are the 

conventional Cumulus measure of mammographic density and a polygenic risk 

score based on 77 independent single nucleotide polymorphisms [54, 192], which 

have OPERAs in the range of 1.4 to 1.6 [65]; see Table 1.2 in Chapter 1. 

2.5.3 Comparison of OPERA with the area under the receiver operating 

characteristic curve 

The area under the receiver operating characteristic curve (AUC) is also 

used as a measure of risk discrimination. Wentzensen and Wacholder [193] 

demonstrated that,  when considering just one factor, the AUC is highly related to 

the OPERA concept.   

Figure 2.8 shows distributions of a biomarker for controls (blue) and cases 

(red) and the threshold for positivity, T. Wentzensen and Wacholder [193] assumed 

that the biomarker levels are normally distributed, and that for controls the mean 

level is 0 and the variance is 1, while for cases the mean level is ∆ and the 

variance is 1. That is, the difference in means between cases and controls is ∆ SD. 

When the biomarker level is above the threshold of positivity T in a proportion 1 − 

β (the red area) of cases and a proportion α (the vertically hashed area) of 

controls, sensitivity for the threshold T is 1 − β and specificity is 1 − α. Thus, T = 
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z1−α = ∆ − zβ, where zk is the cumulative probability that a standard normal 

variable is above k, so T = Φ−1(1 − α) = ∆ − Φ−1(1 − β), where Φ is the cumulative 

distribution function of the standard normal distribution and Φ−1 is the inverse 

cumulative distribution function of the standard normal distribution.  

 

 

Figure 2-8 Distributions of a biomarker in controls and cases and the threshold 

for positivity (source: Wentzensen and Wacholder [193]). 

 

Figure 2.9 shows Wentzensen and Wacholder’s [193] plot of sensitivity 

versus 1 − specificity (the published paper has the x-axis incorrectly labelled) for 

different values of ∆, the difference in mean biomarker level between cases and 

controls, and the corresponding AUC values. The contours for a given value of ∆ 
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or AUC represent the set of points that satisfy 1 − β = 1 − Φ[Φ−1(1 − α)] − ∆] or, 

equivalently, ∆ = Φ−1(1 − α) − Φ−1(β).  

 

 

Figure 2-9 The area under the receiver operating characteristic curve for different 

values of ∆ (source: Wentzensen and Wacholder [193]). 
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Figure 2-10 Relationship between AUC and ∆for cases and controls. The graph is 

based on a biomarker with normally distributed values in cases and controls and 

equal variance (source: Wentzensen and Wacholder [193]). 

 

Figure 2.10 shows the relationship between AUC and ∆. Because OPERA 

= log(∆), then ∆ = exp(OPERA). A proof of this (courtesy of Dr James Dowty) is 

provided in Appendix B. Therefore, there is a simple relationship between AUC, 

∆ and OPERA and the inter-quartile risk ratio is OPERA2.54 [194]; see Table 2.3. 
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Table 2.4. Relationships between AUC, ∆, OPERA and inter-quartile risk ratio 

AUC ∆ OPERA IQRR 

0.50 0.00 1.00 1.00 

0.60 0.36 1.43 2.48 

0.64 0.50 1.65 3.57 

0.70 0.74 2.10 6.58 

0.76 1.00 2.72 12.70 

0.80 1.19 3.29 20.59 

0.86 1.50 4.48 45.11 

0.90 1.81 6.11 99.21 

0.95 2.33 10.25 369.18 

AUC, area under the receiver operating characteristic curve; ∆, difference in mean 

between cases and controls; IQRR, inter-quartile risk ratio. 

 

In terms of a single risk factor, OPERA and AUC are essentially 

addressing the same issue, and in theory are comparable. However, OPERA has 

some advantages over the AUC when it comes to considering multiple risk 

factors. The change in AUC from fitting a risk factor depends on what risk factors 

are already in the model. Therefore, a strong risk factor (in the sense of 

discriminating cases from controls) might make a very small improvement in the 

AUC if it were fitted on top of other risk factors, much smaller than the change 

from 0.5 if it were fitted alone. The OPERA score for a risk factor is, by 

definition, independent of the OPERA score for another risk factor. This is 

because the risk gradient is measured per SD of the risk factor adjusted for all 

other risk factors.  
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2.5.4 Box–Cox transformation 

For statistical analysis, it is advantageous if the residuals have an 

approximately normal distribution. For each of the mammographic density 

measures I used Box–Cox to select appropriate power transformations. That is, 

the appropriate transformations were cube-root and square-root for the Cumulus 

measures in dense area and percent density, respectively, and logarithm for both 

the Altocumulus and Cirrocumulus measures. 

𝑦𝑦(𝜆𝜆) =
𝑦𝑦𝜆𝜆 − 1
𝜆𝜆

 

This was done using the Stata command boxcox, and I used the best 

estimate of the coefficient to select the appropriate power transformations. 
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Chapter 3. Analog Mammogram 
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Abstract

Background: Mammographic density defined by the conventional pixel brightness

threshold, and adjusted for age and body mass index (BMI), is a well-established risk fac-

tor for breast cancer. We asked if higher thresholds better separate women with and

without breast cancer.

Methods: We studied Australian women, 354 with breast cancer over-sampled for early-

onset and family history, and 944 unaffected controls frequency-matched for age at

mammogram. We measured mammographic dense area and percent density using the

CUMULUS software at the conventional threshold, which we call Cumulus, and at two in-

creasingly higher thresholds, which we call Altocumulus and Cirrocumulus, respectively.

All measures were Box–Cox transformed and adjusted for age and BMI. We estimated

the odds per adjusted standard deviation (OPERA) using logistic regression and the area

under the receiver operating characteristic curve (AUC).

Results: Altocumulus and Cirrocumulus were correlated with Cumulus (r � 0.8 and 0.6,

respectively). For dense area, the OPERA was 1.62, 1.74 and 1.73 for Cumulus,

Altocumulus and Cirrocumulus, respectively (all P<0.001). After adjusting for

Altocumulus and Cirrocumulus, Cumulus was not significant (P> 0.6). The OPERAs for
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percent density were less but gave similar findings. The mean of the standardized ad-

justed Altocumulus and Cirrocumulus dense area measures was the best predictor;

OPERA¼ 1.87 [95% confidence interval (CI): 1.64–2.14] and AUC¼0.68 (0.65–0.71).

Conclusions: The areas of higher mammographically dense regions are associated with

almost 30% stronger breast cancer risk gradient, explain the risk association of the con-

ventional measure and might be more aetiologically important. This has substantial im-

plications for clinical translation and molecular, genetic and epidemiological research.

Key words: Breast cancer, case-control study, Australian women, mammography, mammographic density

Introduction

Mammographic density has been conventionally defined as

the area of white or bright areas on a mammogram, and as

such is a subjective concept.1,2 The current gold-standard

measure is derived by using the CUMULUS software and a

computer-assisted thresholding method, in which the obser-

ver selects a pixel brightness threshold to define the dense

area for each mammogram.1–3

In establishing the evidence for mammographic density as

a risk factor for breast cancer, considerable and warranted

care has been taken to ensure that observers measure density

in a similar and repeatable way.2–5 New observers have been

trained to ensure comparability and repeatability with previ-

ous observers, to measure what has historically been referred

to as the mammographically dense regions of the breast.

Multiple studies have shown that, after adjusting for age

and body mass index (BMI), this measure of mammographic

density predicts breast cancer risk.6–11 It is important to ad-

just for age and BMI because mammographic density de-

creases with both increasing age and increasing BMI,

whereas breast cancer risk increases with these factors.

We asked if selecting pixel brightness thresholds of

higher intensity better separates women with and without

breast cancer. We did this by measuring mammographic

density at three different thresholds: one based on the con-

ventional approach, which we call Cumulus, and two

based on successively higher thresholds. We call the latter

two measures Altocumulus, when using a threshold of one

level higher intensity, and Cirrocumulus when using a

threshold of two levels higher intensity.12 We estimated

and compared risk gradients on the scale of odds ratio per

adjusted standard deviation (OPERA)13 and by the area

under the receiver operating characteristic curve (AUC).

When we did this previously using digital mammograms and

Korean women, we found that the transformed and adjusted

Altocumulus measure gave the strongest risk prediction. But

given that almost all the world’s evidence for the conventional

mammographic density measure to be associated with risk of

breast cancer comes from non-digital mammograms of Western

women, it is essential that we try to replicate our findings in such

a setting. In this paper we have done so using a case-control

study of Australian women across a wide range of ages.

Methods

Sample

We studied 354 women with breast cancer (cases) over-

sampled for early-onset disease or having a family history

of breast cancer, and 944 women without breast cancer

(controls), frequency-matched for age at mammogram in

5-year age groups. For the affected women, we used mam-

mograms taken before diagnosis (by on average 4 years)

for 32%, and for the other affected women we used the

mammogram from the opposite side to that in which the

cancer was diagnosed. For the unaffected women, we

studied the mammogram of a randomly chosen breast.

Key Messages

• By in effect defining mammographic density at higher pixel brightness thresholds than has traditionally been used,

greater separation between women with and without breast cancer was achieved.

• When the density measures based on higher pixel brightness thresholds were fitted, there was no evidence that the

conventional measure added information on risk.

• The mammographically denser (brighter) regions might be more aetiologically relevant for breast cancer risk, with

implications for biological, molecular, genetic and epidemiological research and clinical translation.
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These women were selected from the Australian Breast

Cancer Family Registry (ABCFR; 254 cases and 194 con-

trols) and the Australian Mammographic Density Twins

and Sisters Study (AMDTSS; 100 cases and 750 controls).

The ABCFR consists of families, a large proportion se-

lected through women diagnosed with breast cancer of

whom more than half were diagnosed before age 40

years.14–16 The AMDTSS includes: (i) twin pairs and their

sisters, who were recruited through the Australian Twin

Registry17,18 (48 cases and 704 controls); (ii) sisters, at least

one of whom has had a diagnosis of breast cancer, recruited

through the Breast Cancer Network Australia [https://

www.bcna.org.au], the peak organization for women af-

fected by breast cancer (49 cases and 33 controls); and (iii)

women from Register4 [http://register4.org.au], a national

online database of people willing to consider participating

in cancer research19 (3 cases and 13 controls).

Participants in the ABCFR and AMDTSS completed

similar interviewer-administered questionnaires assessing

standard risk factors for breast cancer, including self-

reported height, weight and reproductive history. Family

cancer history was obtained from all participants.14

For all participants in this study we obtained at least

one mammogram. For affected women, the mammograms

we used were those taken at or before diagnosis. All par-

ticipants gave informed consent. The study was approved

by the human research ethics committees of the University

of Melbourne and the Cancer Councils of Victoria and of

New South Wales.

Measurement of mammographic density

Mammograms were retrieved from BreastScreen services

across Australia, from screening clinics and from the

women themselves. All mammograms were analog and

were digitized (using 12-bit depth) by the Australian

Mammographic Density Research Facility.

The CUMULUS software and a computer-assisted thresh-

olding method were used to measure mammographic dens-

ity. The observer selects pixel brightness thresholds using a

sliding scale (ranged 0–4095) and the program draws a line

around the regions on the digitized image for which the pixel

density is above that threshold. For each mammogram, the

observer first chooses a threshold to define the outer extent

of the breast image. The observer then chooses a threshold

to select the regions which he or she considers to be mammo-

graphically dense. The area within these region is called the

dense area, and percent density is the dense area divided by

the total breast area, multiplied by 100.

Four observers (T.L.N., Y.K.A., C.E., J.S.) independently

measured mammographic density, blind to case-control sta-

tus. First, C.E. and J.S. measured mammographic density

using the conventional threshold.20,21 We call the average

of measures taken using this approach Cumulus. The other

two observers were trained to measure mammographic

density at higher brightness thresholds and therefore in ef-

fect defined mammographic density at a higher threshold,

as in Nguyen et al. (2015).12 Y.K.A. consistently measured

using one level higher intensity based on what were con-

sidered to be the bright, as distinct from white, areas. We

call this measure Altocumulus. T.L.N. measured using an

even higher level of intensity based on what were considered

to be the brightest regions. We call this measure

Cirrocumulus. These new measures define mammographic

density at successively higher pixel brightness thresholds.

Figure 1 shows an example of Cumulus, Altocumulus

and Cirrocumulus measures from the same mammogram.

In the left-hand panel, the white or bright areas are chosen

and outlined to give the Cumulus measure. In the centre

panel, the bright areas are chosen and outlined within the

white or bright area of the left-hand panel to give the

Altocumulus measure. In the right-hand panel, the very

bright areas are chosen within the bright areas of the centre

panel to give the Cirrocumulus measure.

Repeatability was assessed, as in previous studies, by

performing the measurements in sets of 100 mammograms

with the same case-control ratio and including 10% repeat

samples in each set. Observers were blinded to case-control

status and blinded to any previous measures. The intraclass

correlation coefficient was 0.99 and 0.93 for the trans-

formed and adjusted Altocumulus and Cirrocumulus meas-

ures of dense areas, respectively. We also had two readers

(T.L.N. and C.E.) measure the same 200 images for each

of Cumulus, Altocumulus and Cirrocumulus. The correl-

ation between the two readers was 0.95, 0.89 and 0.85 for

dense areas, respectively.

Statistical methods

Logistic regression was used to estimate the associations

between the mammographic density measures and breast

cancer risk, adjusting for covariates. Each density measure

was transformed using the Box–Cox power transformation

to have an approximately normal distribution.22 The ap-

propriate transformations were cube-root for the Cumulus

measures and logarithm for both the Altocumulus and

Cirrocumulus measures. For each fitted model, the means

of the transformed measures were adjusted for age and

BMI to derive the standard deviation of the residuals.

From this we estimated the odds ratio per adjusted stand-

ard deviation (OPERA),13 and used maximum likelihood

theory to determine the weighted combination of trans-

formed, standardized and age- and BMI-adjusted measures

that best predicted risk; see Appendix (available as
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Supplementary data at IJE online). The area under the re-

ceiver operating characteristic curve (AUC) was also esti-

mated. All statistical analyses were conducted using the

software package Stata.23 Following convention, P<0.05

was considered to be statistically significant.

Results

Table 1 shows that cases did not differ from controls by

more than 20% in terms of BMI or the other covariates.

About 30% of cases and controls had a first-degree relative

with breast cancer.

Table 1 shows that for cases and controls, compared

with the Cumulus measures, the corresponding

Altocumulus measures of dense area and percent density

were about 20% less, and the corresponding Cirrocumulus

measures were substantially smaller. The mean pixel

thresholds (standard deviation) were 2599 (333), 2680

(284) and 2990 (286) for Cumulus, Altocumulus and

Cirrocumulus measures, respectively, therefore being 3%

and 15% higher for Altocumulus and Cirrocumulus, re-

spectively, compared with Cumulus. After transforming

and adjusting, the correlations between dense area and per-

cent density measures were 0.90, 0.85 and 0.95 for

Cumulus, Altocumulus and Cirrocumulus, respectively.

The correlations were between Cumulus and Altocumulus

measures was 0.78 for dense area and 0.81 for percent

density. The corresponding correlations between Cumulus

and Cirrocumulus measures were 0.64 and 0.58, respect-

ively, and the corresponding correlations between

Altocumulus and Cirrocumulus measures were 0.54 and

0.50, respectively. Table 1 also shows that all mammo-

graphic density measures and density thresholds were

higher for cases than for controls (all P< 0.001).

Table 2 shows that there were substantive risk associ-

ations for all three transformed and adjusted mammo-

graphic density measures (all P< 0.001). (These estimates

changed by at most 3% on the log odds scale after adjust-

ment for other potential confounders; data not shown).

The OPERAs for both dense area and percent density were

in general greater for the Altocumulus and Cirrocumulus

measures than for the Cumulus measures. The OPERAs

for the dense area measures were also greater than the

OPERAs for the percent density measures.

Table 3 shows that, for dense area, when the different

measures were fitted together the risk associations for the

Altocumulus and Cirrocumulus measures were little

changed and always remained statistically significant, but

the risk associations for the Cumulus measures were typic-

ally no longer significant. Figure 2 illustrates this con-

founding. It shows that, within every quartile of the

Altocumulus measure, the risk associations did not in-

crease substantially or consistently across quartiles of the

Cumulus measure. On the other hand, for every quartile of

the Cumulus measure, the risk associations increased sub-

stantially across quartiles of the Altocumulus measure.

Cumulus 
Area: 206516 pixels, 
Dense: 62344 pixels, 

PD: 30% 

Altocumulus 
Area: 206516 pixels, 
Dense: 30658 pixels, 

PD: 15% 

Cirrocumulus 
Area: 206516 pixels, 
Dense: 5599 pixels, 

PD: 2.7% 

Figure 1. Measurement of Cumulus (left), Altocumulus (centre) and Cirrocumulus (right) using the CUMULUS software from the same mammogram.

Dense area (percent density) was 62 344 pixels (30%), 30 658 pixels (15%) and 5 599 pixels (2.7%) corresponding to Cumulus, Altocumulus and

Cirrocumulus measures, respectively.
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The OPERAs for the Altocumulus and Cirrocumulus

measures, when fitted together, were similar. Before or

after excluding the Cumulus measures, the Altocumulus

and Cirrocumulus measures had about the same risk asso-

ciation, as measured by OPERA. When weighted linear

combinations of these two measures were considered, the

maximum likelihood estimate of the weight was 0.5 [90%

confidence interval (CI): 0.3–0.7]. When the average of the

two transformed, adjusted and standardized measures was

fitted, the OPERA was 1.87 (95% CI: 1.64–2.14). The

AUC was 0.68 (95% CI: 0.65–0.71), compared with 0.64

(95% CI: 0.60–0.67) when the Cumulus risk measure was

fitted on its own (P¼0.0001).

Similar conclusions arose from considering the percent

density associations, in that the best fitting model involved

the average of the two transformed, adjusted and standar-

dized measures. In particular, for the best fitting model the

OPERA was 1.64 (95% CI: 1.43–1.87) and the AUC was

0.64 (95% CI: 0.61–0.67).

Discussion

This study has found that, by in effect defining mammo-

graphic density at higher pixel brightness thresholds than

have traditionally been used, greater separation between

women with and without breast cancer can be achieved.

We studied two new measures based on different thresh-

olds for defining mammographic density which, for the

purposes of this paper, we call Altocumulus and

Cirrocumulus. For Altocumulus, we defined the mammo-

graphically dense regions as being bright, rather than just

white, and therefore at a higher level of pixel brightness

threshold than has been conventionally used. For

Cirrocumulus, we defined the mammographically dense re-

gions as being the brightest regions, another level higher.

When considered as risk factors, mammographic density

measures are adjusted for age and BMI, so we used the

OPERA concept which adjusts for these factors to compare

the relative strengths of the risk factor associations on the

same scale.

Table 1. Characteristics of cases and controls

Cases (354) Controls (944)

Mean (SD) Mean (SD) P*

Age at mammogram (years) 47.51 (10.31) 48.17 (9.75) 0.3

Height (cm) 163.57 (6.22) 163.21 (6.69) 0.4

Weight (kg) 67.15 (12.08) 68.96 (12.48) 0.03

Body mass index (kg/cm2) 25.14 (4.66) 25.92 (5.03) 0.01

Number of live births (n¼1032) 2.56 (1.09) 2.64 (1.02) 0.3

Month of HRT use (n¼404) 48.65 (52.12) 67.77 (73.29) 0.01

Menopausal status

Pre (n, %) 179 (50.56) 564 (59.75) 0.003

Post (n, %) 175 (49.44) 380 (40.25)

Family history of breast cancer

Yes (n, %) 102 (28.81) 285 (30.19) 0.6

No (n, %) 252 (71.19) 659 (69.81)

Mammographic measurements

Cumulus

Dense area (cm2) 27.58 (21.20) 18.74 (16.42) < 0.001

Non-dense area (cm2) 99.93 (59.01) 103.04 (56.43) 0.4

Percent density 24.63 (16.73) 18.00 (14.93) < 0.001

Density threshold (0 to 4095) 2683 (340) 2567 (325) < 0.001

Altocumulus

Dense area (cm2) 21.41 (15.08) 15.51 (12.29) < 0.001

Non-dense area (cm2) 106.41 (59.19) 105.57 (55.40) 0.8

Percent density 19.78 (13.83) 15.28 (12.49) < 0.001

Density threshold (0 to 4095) 2786 (280) 2640 (275) < 0.001

Cirrocumulus

Dense area (cm2) 4.56 (4.66) 2.88 (3.85) < 0.001

Non-dense area (cm2) 122.72 (58.42) 117.58 (54.65) 0.1

Percent density 4.07 (4.02) 2.74 (3.38) < 0.001

Density threshold (0 to 4095) 3083 (275) 2955 (283) < 0.001

HRT, hormone replacement therapy.

*P-value for the difference between cases and controls.
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Table 2. Associations of mammographic density measures (as assessed by OPERA) with breast cancer risk, adjusting for age

and body mass index

Cumulus

Dense area Cases (n) Controls (n) ORa 95% CI P* AUC (95% CI)

Q1 44 236 1.00 –

Q2 71 236 1.59 1.05–2.42 0.03

Q3 97 236 2.17 1.46–3.25 < 0.001

Q4 142 236 3.21 2.19–4.72 < 0.001

OPERA 354 944 1.62 1.42–1.83 < 0.001 0.64 (0.60–0.67)

Percent density

Q1 45 236 1.00 –

Q2 74 236 1.65 1.09–2.49 0.02

Q3 97 236 2.13 1.43–3.17 < 0.001

Q4 138 236 3.06 2.09–4.49 < 0.001

OPERA 354 944 1.52 1.34–1.73 < 0.001 0.62 (0.58–0.65)

Altocumulus

Dense area ORa 95% CI P

Q1 38 236 1.00 –

Q2 58 236 1.52 0.97–2.37 0.07

Q3 94 236 2.45 1.61–3.72 < 0.001

Q4 164 236 4.35 2.92–6.46 < 0.001

OPERA 354 944 1.74 1.53–1.99 < 0.001 0.66 (0.63–0.69)

Percent density

Q1 46 236 1.00 –

Q2 72 236 1.57 1.04–2.37 0.03

Q3 108 236 2.35 1.59–3.47 < 0.001

Q4 128 236 2.79 1.90–4.09 < 0.001

OPERA 354 944 1.47 1.30–1.68 < 0.001 0.61 (0.58–0.64)

Cirrocumulus

Dense area ORa 95% CI P

Q1 27 236 1.00 –

Q2 62 236 2.29 1.40–3.72 0.001

Q3 124 236 4.54 2.88–7.15 < 0.001

Q4 141 236 5.24 3.34–8.21 < 0.001

OPERA 354 944 1.73 1.52–1.97 < 0.001 0.66 (0.62–0.69)

Percent density

Q1 35 236 1.00 –

Q2 63 236 1.81 1.15–2.83 0.01

Q3 117 236 3.33 2.19–5.06 < 0.001

Q4 139 236 3.97 2.63–6.00 < 0.001

OPERA 354 944 1.59 1.40–1.80 < 0.001 0.64 (0.60–0.67)

Average transformed and adjusted Altocumulus and Cirrocumulus

Dense area ORa 95% CI P

Q1 28 236 1.00 –

Q2 62 236 2.20 1.36–3.28 0.002

Q3 94 236 3.61 2.09–5.24 < 0.001

Q4 170 236 6.07 3.91–9.41 < 0.001

OPERA 354 944 1.87 1.64–2.14 < 0.001 0.68 (0.65–0.71)

Percent density

Q1 35 236 1.00 –

Q2 65 236 1.77 1.13–2.78 0.02

Q3 100 236 2.71 1.77–4.14 < 0.001

Q4 154 236 4.31 2.89–6.48 < 0.001

OPERA 354 944 1.64 1.43–1.87 < 0.001 0.64 (0.61–0.67)

HRT, hormone replacement therapy.
aOdds ratio per standard deviation after adjusting for age and body mass index.

*P-value for comparison with baseline category.
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Both Altocumulus and Cirrocumulus risk measures (i.e.

transformed, adjusted for age and BMI and standardised)

separated cases from controls better than the Cumulus

measure, despite these three measures being moderately cor-

related with one another. Given that the difference between

the means of the upper and lower quartiles of a normal dis-

tribution is 2.54 standard deviations, the estimated OPERA

risk gradients for the adjusted prediction mean of the

Altocumulus and Cirrocumulus risk measures were equiva-

lent to an interquartile risk ratio of 1.872.54¼ 4.9 (95% CI:

3.5–6.9) for dense area and 1.642.54¼ 3.5 (95% CI: 2.5–

4.9) for percent density. These were more than the corres-

ponding equivalent interquartile risk ratio estimates based

on the Cumulus measures of 1.622.54¼ 3.4 (95% CI: 2.4–

4.6) and 1.522.54¼2.9 (95% CI: 2.1–4.0). When consider-

ing AUC as a measure of risk discrimination, comparison

has to be made with 0.5 as that is what would be expected

if there was no information on risk. The AUC for the stand-

ardized mean of the Altocumulus and Cirrocumulus trans-

formed and adjusted risk measures was 0.68, which is

almost 30% greater than 0.5 than is the AUC of 0.64 for

the Cumulus risk measure alone. In terms of risk gradient,

log (OPERA) was 0.49 for Cumulus and 0.63 for the

Altocumulus and Cirrocumulus risk, a 29% increase.

Most importantly, when the different density measures

were fitted together, there was no evidence that the con-

ventional measure added information on risk. That is, the

information on risk comes from the amount or percent of

breast tissue above the higher thresholds. There was no evi-

dence that the white but not bright areas of the breast are

associated with risk of breast cancer, though they might

well be associated with risk of masking of breast cancers.

Our finding that measuring density at higher pixel

brightness thresholds captures considerably more risk-

predicting information than measuring at the usual thresh-

old is important for several reasons. First, the mammo-

graphically denser regions might be more aetiologically

important for breast cancer than the regions currently

being studied. The relevant tissues and biological processes

involved in explaining why mammographic density is a

risk factor for breast cancer are more likely to be in the

higher density areas of the breast. If confirmed, this is a

critical observation for molecular, genetic and other stud-

ies trying to determine the underlying biological processes

behind this phenomenon.24 It is also important for research

and translation on the prospect of using mammographic

density to better predict women as candidates for interven-

tions or targeted screening.

Second, on the basis of this study, the Altocumulus and

Cirrocumulus measures would be among the strongest

known risk factors for breast cancer when viewed from a

population, as distinct from an individual, perspective.

OPERA is an omnibus measure of the strength of a risk

factor that is similar to the change in AUC. OPERA has

the advantage of explicitly taking into account other risk

factors, and therefore being independent across measures.

The OPERA we estimated here of � 2.0 for the combin-

ation of Altocumulus and Cirrocumulus measures is

greater than the OPERA of 1.55 for the current common

genetic markers recently found to be associated with

risk.25 The OPERA for rare mutations in BRCA1 and

BRCA2, combined, is about 1.2.13 Therefore, these new

mammographic density measures might do at least as well

in predicting risk on a population basis as all the genetic

risk factors identified in the past two decades.

Third, these new measures substantially reclassify

women in terms of risk. For the sake of argument, suppose

that women in the top quartile of the transformed and ad-

justed Cumulus measure are designated as ‘high-risk’ (this

is about the proportion of women designated as such using

BI-RADS). The risk gradient for the average of the trans-

formed and adjusted Altocumulus and Cirrocumulus meas-

ures is 30% steeper, so the absolute risk for women in the

upper quartile of the Cumulus measure will be about the

same as for those in the top tertile of the combined

Altocumulus/Cirrocumulus risk measure. Using the 944

controls, we tabulated the quartiles of Cumulus risk score

against the tertiles of the Altocumulus/Cirrocumulus risk

measure. There were 314 ‘high-risk’ women in the upper

Table 3. Estimates and statistical significance (P) of odds

ratio per standard deviation after adjusting for age and body

mass index (OPERA) from fitting multiple mammographic

density measures together

Dense area OPERAf (95% CI) P*

Cumulusa 1.18 (0.97–1.42) 0.1

Altocumulusa 1.53 (1.25–1.87) < 0.001

Cumulusb 1.24 (1.05–1.47) 0.02

Cirrocumulusb 1.49 (1.25–1.77) < 0.001

Altocumulusc 1.43 (1.22–1.68) < 0.001

Cirrocumulusc 1.41 (1.21–1.65) < 0.001

Cumulusd 0.95 (0.76–1.18) 0.6

Altocumulusd 1.48 (1.21–1.81) < 0.001

Cirrocumulusd 1.44 (1.20–1.72) < 0.001

Cumuluse 0.96 (0.77–1.19) 0.7

Averagee* 1.93 (1.54–2.42) < 0.001

aCumulus and Altocumulus measures fitted together.
bCumulus and Cirrocumulus measures fitted together.
cAltocumulus and Cirrocumulus measures fitted together.
dCumulus, Altocumulus and Cirrocumulus measures fitted together.
eCumulus and Average¼mean of the transformed and adjusted

Altocumulus and Cirrocumulus measures fitted together.
fOdds ratio per standard deviation adjusted for age and body mass index.

*P-value for comparison with baseline category.
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tertile of the Altocumulus/Cirrocumulus risk measure, of

whom only 192 would be in same absolute risk category

based on the Cumulus risk measure (upper quartile). So

122 (39%) of these high-risk women by Altocumulus/

Cirrocumulus would not have been called high-risk by

Cumulus. Similarly, of the 236 women classified as ‘high-

risk’ by Cumulus, 44 (19%) were not high-risk by the

Altocumulus/Cirrocumulus. Therefore, for Cumulus, the

false-positive proportion is 39% and the false-negative

proportion is 19%. Of all controls, 18% were reclassified.

Only 192 (20%) were considered high-risk by both meas-

ures. So more women would be put into different risk
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categories than would be maintained in the high-risk cat-

egory. This is of substantial clinical relevance.

Possible strengths of this study are that we studied cases

across a wide range of age at diagnosis and included a

larger proportion diagnosed at a younger age than most

studies of mammographic density, which are usually based

on women attending screening programmes (55% of our

cases were under the age of 50 years at diagnosis). We

also, in effect, frequency-matched cases and controls on

family history, and had deliberately over-sampled for sub-

jects for whom a higher proportion than otherwise had a

first-degree relative with breast cancer (� 30%). The refer-

ent Cumulus measures were taken by multiple experienced

trained observers, and the resulting risk gradient estimates

were if anything better than found from other studies.

Given that epidemiological studies make inference about

risk associations for unaffected individuals (i.e. the popula-

tion from which the controls had been sampled), we have

found that these new mammographic density measures are

potentially strong risk factors for younger as well as older

women, and for women with a family history.

One of the potential weaknesses of this study, as with all

studies that have used the CUMULUS software to study

conventionally-defined mammographic density, is that

the new measures are observer dependent. But, as with the

traditional Cumulus measure, the Altocumulus and

Cirrocumulus measures have high repeatability and the

trained observers were blind to case-control status. We also

demonstrated that there were strong correlations across two

observers measuring the same concept.

We are not trying to conclude from this study alone

what the optimal definition of density is for risk prediction,

but we have made the observation that by going to higher

pixel brightness thresholds, better risk prediction can be

achieved. There must be an optimal pixel brightness

threshold, at least for a given population measured on a

given machine, and this study suggests that it is at a higher

level than has been conventionally used in the literature.

We are not in a position to speculate about what the dif-

ferences between the white and brighter areas are, at least

not in terms of tissue composition for which studies other

than observational epidemiological designs are needed. We

do, however, believe that this is an important observation

that should inspire and inform biological studies of the

causes and mechanisms.

Our finding obviously needs to be tested by others and in

other settings. We have been measuring mammographic

density across different thresholds in different populations to

try to clarify what might be the best mammographic density

predictors of risk. Despite the measurement issues also impli-

cit in previous mammographic density research, we are find-

ing a stronger risk prediction gradient for the new measures

and little or no residual impact of the conventional measure.

If our conjecture is true, and if measurement error could be

reduced by, for example, measuring all three measurements

on the same mammogram at the same time, we would expect

the risk gradient to be even steeper. We have already found

that Altocumulus and Cirrocumulus measures are better pre-

dictors than Cumulus measures for Korean women, using

full-field digital mammograms.12 We are also measuring the

familial aggregation of Altocumulus and Cirrocumulus

measures using twin and family studies, as we have done for

Cumulus,17,18,20 and studying their associations with genetic

variants known to be associated with breast cancer risk as

has been done for the Cumulus measures.26

In conclusion, this case-control study of women over-

sampled for early onset and having a family history of breast

cancer, has found that the new definitions of mammo-

graphic density at higher pixel brightness thresholds are

associated with almost 30% stronger breast cancer risk gra-

dient than the conventional measure of mammographic

density. They also explain the risk association of the

conventional measure. This suggests that the mammograph-

ically denser (brighter) regions might be more aetiologically

important for breast cancer, with substantial implications for

biological, molecular, genetic and epidemiological research

and clinical translation. Our findings are now relevant not

only to digital mammography and Korean women, but also

to the decades of mammographic density research on

Western women using non-digital mammography.

Supplementary Data

Supplementary data (Appendix) are available at IJE online.
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Mammographic density defined by higher
than conventional brightness threshold
better predicts breast cancer risk for full-
field digital mammograms
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Abstract

Introduction: When measured using the computer-assisted method CUMULUS, mammographic density adjusted
for age and body mass index predicts breast cancer risk. We asked if new mammographic density measures
defined by higher brightness thresholds gave better risk predictions.

Methods: The Korean Breast Cancer Study included 213 women diagnosed with invasive breast cancer and 630
controls matched for age at full-field digital mammogram and menopausal status. Mammographic density was
measured using CUMULUS at the conventional threshold (Cumulus), and in effect at two increasingly higher
thresholds, which we call Altocumulus and Cirrocumulus, respectively. All measures were Box-Cox transformed and
adjusted for age, body mass index, menopausal status and machine. We used conditional logistic regression to
estimate the change in Odds PER standard deviation of transformed and Adjusted density measures (OPERA). The
area under the receiver operating characteristic curve (AUC) was estimated.

Results: Corresponding Altocumulus and Cirrocumulus density measures were correlated with Cumulus measures
(r approximately 0.8 and 0.6, respectively). Altocumulus and Cirrocumulus measures were on average 25 % and
80 % less, respectively, than the Cumulus measure. For dense area, the OPERA was 1.18 (95 % confidence interval:
1.01−1.39, P = 0.03) for Cumulus; 1.36 (1.15−1.62, P < 0.001) for Altocumulus; and 1.23 (1.04−1.45, P = 0.01) for
Cirrocumulus. After fitting the Altocumulus measure, the Cumulus measure was no longer associated with risk. After
fitting the Cumulus measure, the Altocumulus measure was still associated with risk (P = 0.001). The AUCs for dense
area was 0.59 for the Altocumulus measure, greater than 0.55 and 0.57 for the Cumulus and Cirrocumulus measures,
respectively (P = 0.001). Similar results were found for percentage dense area measures.

Conclusions: Altocumulus measures perform better than Cumulus measures in predicting breast cancer risk, and
Cumulus measures are confounded by Altocumulus measures. The mammographically bright regions might be
more aetiologically important for breast cancer, with implications for biological, molecular, genetic and
epidemiological research and clinical translation.
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Introduction
Historically, the incidence and prevalence of breast can-
cer has been lower in Asian countries than Western
countries [1, 2]. However, this is changing rapidly with
economic development over the past few decades and is
expected to increase over the next 20 years [3, 4]. Identi-
fication of predictors of risk for Asian women could be
an important tool in breast cancer control, especially if
they can be readily measured.
Mammographic density is one of strongest risk factors

for breast cancer [5, 6]. Conventionally, it has been defined
by the white or bright, as distinct from dark, areas on a
mammogram. A well-established measurement uses the
computer-assisted thresholding method CUMULUS, in
which the observer visually selects a pixel threshold to de-
fine the dense areas for each particular mammogram [7–9].
In establishing the evidence for mammographic dens-

ity as a predictor of disease [5, 10], considerable and
warranted attention has been made to having observers
‘see’ density in a similar and repeatable way. New ob-
servers have been trained to ensure comparability and
repeatability with previous observers to measure what
has conventionally been referred to as the ‘mammogra-
phically dense’ regions of the breast.
Multiple studies of Western women, and a few of

Asian women, have shown that, after adjusting for age
and body mass index (BMI), the standard measure of
mammographic density above predicts breast cancer risk
[11–16]. It is important to adjust for age and BMI be-
cause these mammographic density measures decrease
with increasing age, and with increasing BMI, yet breast
cancer risk increases with these factors [17, 18].
We used a Korean case-control study to assess if using

in effect a higher than conventional pixel threshold to
define density better discriminates cases from controls,
i.e. better predicts risk of breast cancer. We assessed the
relative discrimination by fitting the density measures
based on different degrees of brightness both independ-
ently, and together.
We also represented the strength of association for

each measure by a new approach, Odds PER Adjusted
standard deviation (OPERA), which considers risk gradi-
ents for measured variables as a function not of the
standard deviation of the unadjusted risk factor, as has
been conventional practice, but of the standard deviation
of that factor after adjusting for all other factors taken
into consideration, either by design or analysis, in the
case-control comparison [6]. The reason for this is that
the correct interpretation of a risk estimate is the change
per unit of that factor holding all other factors constant.
Therefore it is obvious that the risk per unadjusted
standard deviation is not the appropriate scale, which
should be based on the distribution of that risk factor
once it has been adjusted for all relevant covariates.

Methods
Subjects
As previously described [19], cases and controls were
selected from women who underwent a periodic health
checkup at the Health Promotion Center in the
Samsung Medical Center, Korea, between February 2006
and December 2011. Breast cancer cases were selected
based on a medical record review after breast cancer
screening with a mammogram. For each breast cancer
case, we chose approximately three controls matched for
age (within 1 year), menopausal status, and date of
health examination (within 1 month) randomly selected
from women who had undergone the same routine
health checkup. All controls had no evidence of malig-
nant disease for at least 1 year after the routine health
checkup. This study involved 213 breast cancer cases
and 630 matched controls. The median age at mammog-
raphy was 51.5 years and 45 % were under the age of
50 years. This study was approved by the Institutional
Review Board of Samsung Medical Center (2011-
0013545 and 2014R1A2A2A01002705) [19]. All women
gave written consent [19].

Mammographic density measurements
Mammographic images were obtained using the proc-
essed full-field digital mammography system (Senograph
2000D/DMR/DS, General Electric Company, Milwaukee,
WI, USA or Selenia, Hologic Inc., Marlborough, MA,
USA) in the same institution. We used the cranio-caudal
(CC) view of the breast, and for cases, the breast contra-
lateral to that involved in the cancer diagnosis. All mea-
sures were conducted in sets of 100, plus a 10 % random
repeat sample from within the set (to estimate the intra-
class correlation within a set), and in every fifth set, plus
the 10 % random sample from the first set (to estimate
the intra-class correlation between sets). All measure-
ments were blinded to case-control status as in [19] and
blinded to the previous measures.
Mammographic density was measured first using the

conventional approach for defining dense areas, and we
call those measures Cumulus, and they were conducted
by TLN, YKA, and CEF. The black or dark areas are not
included. TLN’s measures were used in our previous
publication [19].
Two of the same observers, TLN and YKA, re-

measured all mammograms. This time the observers
chose the bright, as distinct from white, areas to be
‘dense’ and therefore in effect defined mammographic
density at a higher threshold. The grayish areas that are
usually selected when measuring Cumulus were not in-
cluded. We call these latter measures Altocumulus. TLN
then measured all mammograms using in effect an even
higher level of pixel intensity based on what were con-
sidered to be only the brightest regions. We call this
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measure Cirrocumulus. The intra-class correlation coeffi-
cients for the Altocumulus and Cirrocumulus measures of
dense area were 0.93 and 0.80 cf. 0.98 for the Cumulus
measure [19]. Figure 1 shows an example of Cumulus,
Altocumulus and Cirrocumulus measures from the same
mammogram.

Other measurements
Height and weight, and hence BMI, as well as family history
of breast cancer among first-degree relatives, menstrual
and reproductive history, and health-related behaviours
were measured as described previously [19].

Statistical analysis
We used the Box-Cox power function to transform the
mammographic density measures so that their residuals
after adjusting for age and menopausal status (due to
the design), BMI (due to negative confounding), and ma-
chine (due to technological differences) were approxi-
mately normally distributed. We found that the cube
root transformation was appropriate for the Cumulus
and Altocumulus dense area measures and a logarithmic
transformation was appropriate for the Cirrocumulus
measure. A cube root transformation was appropriate
for their respective percentage dense areas.
We evaluated the association between mammographic

density and breast cancer risk by fitting conditional lo-
gistic regression models, adjusting for machine (due to
different sampling ratios of cases and controls), with the
mammographic density measures as both continuous
and categorical variables. For the latter, we categorized
the transformed mammographic measures, adjusted for
age, menopausal status, BMI and machine, into four
levels based on the quartile distribution of subjects in
the control group, so as to be consistent with the
OPERA concept; see below.

We estimated the mammographic density risk associa-
tions as the change in log odds per standard deviation of
the age, menopausal status, BMI and machine adjusted
measures so as to produce values of OPERA [6, 20].
Therefore the risk estimates refer to change in odds per
standard deviation of mammographic density adjusted
for age, BMI, menopausal status and machine, not of
cross-sectional unadjusted mammographic density as is
conventionally done, so we derived the former measures,
standardized them, and fitted them in our models. Let r
be the correlation between two mammographic density
measures, Y1 and Y2. Since the standard deviation of Yj
adjusted for Yk is SDj||k = [(1 – r2)]0.5, j,k = 1,2, when Yj
is fitted with Yk we multiplied the log(OR) estimate from
fitting Yj by SDj|k and then exponentiated to obtain the
appropriate OPERA (see Appendix).
Statistical analyses, including generation of the re-

ceiver operating curves and estimates of and tests of the
differences between areas under the receiver operating
curves (AUCs) using the DeLong test, and use of the
likelihood ratio criterion to test the relative goodness-of-
fit of nested models, were performed using the STATA
software package [21]. Nominal statistical significance
was, by convention, taken to be P = 0.05.

Results
Table 1 shows that the mean age at breast cancer diag-
nosis for the cases was 51.6 years and 45 % were diag-
nosed before the age of 50 years, and that 63 % of cases
and controls were premenopausal.
For both cases and controls, the Altocumulus measures

for dense and percentage dense area were 20–25 % less
than the corresponding Cumulus measures (all P < 0.001);
see Table 1. For dense area (percentage dense area), the
differences were 4.1 cm2 (3.7 %) between Cumulus and
Altocumulus measures, and 13.1 cm2 (13.4 %) between
Cumulus and Cirrocumulus measures, respectively. The
correlations were 0.84 and 0.79 for Cumulus and Alto-
cumulus, 0.63 and 0.56 for Cumulus and Cirrocumulus,
and 0.59 and 0.54 for Altocumulus and Cirrocumulus,
respectively.
Table 1 shows that, for Cumulus, Altocumulus and

Cirrocumulus, the mean of the dense and percentage dense
areas differed between cases and controls (all P < 0.05).
The statistical significance was greater for the Altocumulus
measures (all P < 0.001).
Table 2 shows there were significant risk gradients for

dense and percentage dense areas after adjusting for co-
variates (all P < 0.05). The OPERA estimates and the
AUCs were highest for Altocumulus: 1.36 (95 % confi-
dence interval (CI): 1.15–1.62, P < 0.001) for dense area
and 1.41 (1.19–1.68, P < 0.001) for percentage dense
area, respectively. The corresponding OPERA estimates
for Cumulus were 1.18 (1.01–1.39, P = 0.03) for dense

Fig. 1 Example of Cumulus (left), Altocumulus (middle) Cirrocumulus
(right) measurements from the same image using the CUMULUS
software package. For Cumulus, Altocumulus and Cirrocumulus
measures, respectively, the dense area (percentage dense area) was:
716,702 pixels (58 %); 268,374 pixels (22 %); and 51,475 pixels (4 %)
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Table 1 Characteristics of the case and control samples

Cases (n = 213)
mean (SD)

Controls (n = 630)
mean (SD)

Pa

Age at mammogram (years) 51.6 (7.6) 51.5 (7.4) 0.9

Body mass index (kg/m2) 22.5 (2.7) 22.6 (2.8) 0.8

Age at menarche (years) 14.6 (1.6) 14.6 (1.6) 0.9

Number of live birth (per child) 2.11 (0.75) 2.27 (0.91) 0.02

Menopausal status (n, %) 0.9

Premenopausal 134 (62.9) 395 (62.7)

Postmenopausal 79 (37.1) 235 (37.3)

Benign breast lump (n, %) <0.0001

Yes 34 (16.0) 36 (5.6)

No 179 (84.0) 594 (94.4)

Ever smoking (n, %) 0.08

Yes 17 (8.0) 30 (4.8)

Never 196 (92.0) 600 (95.2)

Ever alcohol consumption (n, %) 0.04

Yes 95 (44.6) 232 (36.8)

Never 118 (55.4) 398 (63.2)

Physical exercise (n, %) 0.2

More and equal 90 mins per week 85 (39.9) 223 (35.4)

Less than 90 mins per week 128 (60.1) 407 (64.6)

Ever use of hormonal therapy (n, %) 0.3

Yes 33 (15.5) 82 (13.0)

Never 180 (84.5) 548 (87.0)

Mammographic measurements

Cumulus

Dense area (cm2) 18.1 (14.9) 15.6 (11.7) 0.01

Non-dense area (cm2) 84.3 (36.0) 85.3 (34.2) 0.7

Percentage dense area 18.6 (12.3) 16.2 (10.3) 0.006

Total area (cm2) 102.3 (37.3) 100.9 (35.0) 0.6

Density thresholds (0 to 4095) 2174 (355) 2142 (343) 0.2

Altocumulus

Dense area (cm2) 14.3 (11.6) 11.4 (8.4) 0.0002

Non-dense area (cm2) 85.0 (35.3) 87.5 (34.7) 0.4

Percentage dense area 15.3 (10.8) 12.4 (8.5) 0.0001

Total area (cm2) 99.2 (36.2) 99.0 (34.8) 0.9

Density thresholds (0 to 4095) 2247 (301) 2252 (300) 0.8

Cirrocumulus

Dense area (cm2) 3.5 (3.4) 3.0 (2.3) 0.03

Non-dense area (cm2) 98.1 (41.0) 97.7 (38.8) 0.9

Percentage dense area 3.8 (2.8) 3.3 (2.4) 0.03

Total area (cm2) 101.6 (41.4) 100.8 (39.0) 0.8

Density thresholds (0 to 4095) 2559 (205) 2574 (226) 0.4

SD standard deviation
aP refers to statistical significance for the discrimination between cases and controls
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Table 2 Breast cancer risk association (OPERA) for the mammographic measurements after adjusted for age, body mass index,
menopausal status and machine (Hologic and General Electric)

Cases ORa 95 % CIb Pc AUCd (95 % CI) LL

Cumulus

Dense area

Q1e (n = 211) 47 1.00 − −

Q2e (n = 211) 54 1.18 0.76−1.84 0.5

Q3e (n = 211) 53 1.17 0.74−1.84 0.5

Q4e (n = 210) 59 1.37 0.88−2.14 0.2

OPERA 213 1.18 1.01−1.39 0.03 0.55 (0.51−0.59) -290.1865

Percent density

Q1 49 1.00 − −

Q2 49 0.98 0.63−1.54 0.9

Q3 53 1.09 0.70−1.71 0.7

Q4 62 1.4 0.90−2.17 0.1

OPERA 213 1.23 1.05−1.44 0.01 0.56 (0.52−0.61) -289.0511

Altocumulus

Dense area

Q1 43 1.00 − −

Q2 55 1.46 0.91−2.34 0.1

Q3 52 1.38 0.85−2.22 0.2

Q4 63 1.84 1.13−2.99 0.01

OPERA 1.36 1.15−1.62 <0.001 0.59 (0.55−0.63) -285.9140

Percentage density

Q1 42 1.00 − −

Q2 54 1.49 0.92−2.39 0.1

Q3 44 1.16 0.70−1.92 0.6

Q4 73 2.49 1.52−4.09 <0.001

OPERA 213 1.41 1.19−1.68 <0.001 0.60 (0.56−0.65) -284.7104

Cirrocumulus

Dense area

Q1 41 1.00 − −

Q2 58 1.61 1.01−2.58 0.05

Q3 53 1.42 0.89−2.26 0.1

Q4 61 1.78 1.11−2.86 0.02

OPERA 213 1.23 1.04−1.45 0.01 0.57 (0.52−0.61) -289.3243

Percentage density

Q1 49 1.00 − −

Q2 51 1.06 0.67−1.67 0.8

Q3 52 1.09 0.70−1.69 0.7

Q4 61 1.40 0.89−2.22 0.1

OPERA 213 1.21 1.03−1.42 0.02 0.56 (0.52−0.61) -289.6855

OPERA Odds PER Adjusted standard deviation, LL log likelihood
aOdds ratio per standard deviation of the risk factors adjusted for age, body mass index (BMI), menopausal status and machine (Hologic and General Electric)
bCI = confidence interval
cP refers to statistical significance of the odds ratio (OR) estimate
dAUCs refer to the area under the receiver operating characteristic curves for mammographic measurements after adjusted for age, body mass index, menopausal
status and machine (Hologic and General Electric)
eQuartiles (Q1-Q4) defined by distribution of the measure adjusted for age, body mass index, menopausal status and machine (Hologic and General Electric)
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area and 1.23 (1.05– 1.44, P = 0.01) for percentage dense
area, respectively. For Cirrocumulus they were 1.23
(1.04–1.45, P = 0.01) for dense area and 1.21 (1.03–1.42,
P = 0.02) for percentage dense area, respectively.
Table 3 shows the results from fitting the corresponding

Altocumulus, Cirrocumulus and Cumulus measures to-
gether. From the OPERA estimates and standard errors,
and from examining the change in log likelihood (LL) and
AUCs, it was apparent that after fitting the Altocumulus
measure the addition of the Cumulus or Altocumulus
measures did not improve the fit (P > 0.05). On the other
hand, from Tables 2 and 3 it can be seen that addition of
the Altocumulus measure gave a better fit than the Cumu-
lus or Altocumulus measures alone (P = 0.001).
Figure 2 shows that, for dense area, the AUCs were: 0.55

(95 % CI 0.51–0.59); 0.59 (0.55–0.63); 0.57 (0.52–0.61) for
the Cumulus, Altocumulus and Cirrocumulus measures,
respectively. The AUCs for the Altocumulus measures
were highly significantly greater than for the correspond-
ing Cumulus measures (P = 0.001). For dense area, the
change in AUC from 0.55 for the Cumulus measure to

0.59 for the Altocumulus measure is 80 % when compared
with the baseline AUC of 0.5 corresponding to no associ-
ation, and this is reflected in a similar change in the log
(OPERA) estimates. Similar AUCs applied to the percent-
age dense area measurements.

Discussion
We have introduced two new measures of mammographic
density, Altocumulus and Cirrocumulus (Nguyen et al:
Mammographic density defined by higher than conven-
tional pixel brightness thresholds better predicts breast
cancer risk, submitted), based on defining the mammogra-
phically ‘dense’ regions by being successively brighter, and
therefore in effect at higher pixel brightness thresholds,
than has been convention, which we call Cumulus. All
density measures discriminated between cases and con-
trols. The risk gradients and AUCs for the dense area and
percentage dense area measurements were the same as
well as their AUC.
Even though these density measures were correlated, the

Altocumulus measure performed better than the Cumulus
and Cirrocumulus measures. Moreover, when measures
were fitted together, the risk gradient for the Altocumulus
measure remained statistically significant, while the risk
gradient for the Cumulus and Cirrocumulus measures
were reduced and no longer statistically significant. This
implies that the apparent risk relationship from traditional
Cumulus measures has been confounded by the true
causes being in breast tissue seen at higher thresholds of
pixel intensity, so that the white but not bright areas on a
mammogram do not appear to be associated with risk.
Therefore, measuring density at a higher pixel thresh-

old appears to capture more risk-predicting information
than measuring at the usual threshold. This is important
for several reasons. First, in terms of clinical relevance,
we studied digital images, so our findings are relevant to
mammography as it is now and will be conducted across
most of the world. Digital mammography makes possible
automated measures that can be used to provide infor-
mation in real time. While different measures of ‘breast
density’ from digital mammograms are being developed
and applied (e.g. [22]), at the moment their only clinical
use is to identify women most prone to have a breast
cancer missed due to ‘masking’, rather than those at in-
creased risk of a future breast cancer. Our findings in-
form future developments of automated measures. They
also highlight that the two issues – masking and risk
prediction – need to be considered separately. While the
Altocumulus measures of dense area appear to be better
predictors of risk, the Cumulus measures of percent
dense area might be better predictors of masking.
Second, these findings suggest that the mammographi-

cally denser regions might be more aetiologically important
for breast cancer. The relevant tissues and biological

Table 3 Estimates of OPERA, 95 % confidence intervals (95 % CI)
from fitting multiple mammographic density measures together,
correlation between estimates (R) and log likelihood (LL) for dense
area and percentage dense area

OPERA (95 % CI) P R LL

Dense area

Cumulusa 0.73 (0.53−1.00) 0.05 -0.87 -280.34

Altocumulusa 1.83 (1.30−2.57) 0.001

Cumulusb 1.07 (0.88−1.30) 0.5 -0.6 -285.22

Cirrocumulusb 1.19 (0.97−1.47) 0.1

Altocumulusc 1.32 (1.07−1.65) 0.01 -0.62 -282.17

Cirrocumulusc 1.04 (0.85−1.29) 0.7

Cumulusd 0.71 (0.52−0.98) 0.04 -0.79 -279.97

Altocumulusd 1.77 (1.24−2.51) 0.002 -0.19

Cirrocumulusd 1.10 (0.89−1.36) 0.4 -0.22

Percentage dense area

Cumulusa 0.87 (0.66−1.14) 0.3 -0.81 -280.79

Altocumulusa 1.59 (1.18−2.14) 0.002

Cumulusb 1.15 (0.96−1.38) 0.1 -0.50 -284.74

Cirrocumulusb 1.14 (0.94−1.37) 0.2

Altocumulusc 1.39 (1.13−1.70) 0.002 -0.51 -284.65

Cirrocumulusc 1.03 (0.86−1.25) 0.7

Cumulusd 0.87 (0.66−1.15) 0.3 -0.74 -284.165

Altocumulusd 1.55 (1.14−2.10) 0.005 -0.15

Cirrocumulusd 1.05 (0.87−1.27) 0.6 -0.23

OPERA Odds PER Adjusted standard deviation
aCumulus and Altocumulus measures fitted together
bCumulus and Cirrocumulus measures fitted together
cAltocumulus and Cirrocumulus measures fitted together
dCumulus, Altocumulus and Cirrocumulus measures fitted together
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processes involved in explaining why ‘mammographic
density’ is a risk factor for breast cancer are more likely to
be in the higher density areas of the breast. If confirmed,
this is a critical observation for molecular, genetic and
other studies trying to determine the underlying biological
processes behind this phenomenon [23]. It is also import-
ant for research and translation on the prospect of using
‘mammographic density’ to better predict women for inter-
ventions or targeted screening.
Third, Altocumulus is one of the strongest yet known

risk factors for breast cancer when viewed on a popula-
tion, as distinct from individual, perspective. OPERA is
an omnibus measure for discrimination between cases
and controls similar to the area under the receiver oper-
ator curve, but has the advantage of explicitly taking into
account other risk factors. The OPERA we estimated
here of 1.4–1.5 for Altocumulus is comparable to that
for a risk score based on the current common genetic
markers (SNPs) recently found to be associated with risk
[24]. In comparison, the OPERA for rare mutations in
BRCA1 and BRCA2, combined, is only about 1.2, while
the OPERA for number of live births is close to 1.1 in a
Western population [6].

Obviously there must be an optimal threshold, at least
for a given population measured on a given machine by
the same observer. This study suggests that it is at a
higher pixel level than has been convention, at least for
digital mammograms and Korean women. While we are
not claiming that Altocumulus, as we have measured it,
is necessarily the optimal measure, we have shown that
the current threshold is not optimal. More research is
needed to clarify the situation, especially if automated
measures can be developed that allow for changing the
threshold. We are currently measuring mammographic
density across different thresholds in different popula-
tions, and using multiple observers, to try to obtain bet-
ter mammographic predictors of risk. We encourage
others to try varying thresholds to help clarify this im-
portant issue.
We are also measuring the familial aggregation of

Altocumulus and Cirrocumulus using twin and family
studies, we have done for Cumulus [17, 25, 26]. We aim
to study the associations of genetic variants known to be
associated with breast cancer risk with the Altocumulus
and Cirrocumulus measures, and compare these findings
to those for Cumulus measures (e.g. [27]).

Fig. 2 Receiver operating characteristic curve plot of sensitivity against 1-specificty for breast cancer risk, and area under the curve (AUC), for the various
dense area measures from full-field digital mammograms in terms of breast cancer risk: Health Promotion Center in the Samsung Medical Center, Korea
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There are several limitations to this study. The Cumu-
lus, Altocumulus and Cirrocumulus measures depend on
the observers. However, given that measurements are
performed blind to case-control status, the main issue is
repeatability, and all were highly repeatable, the most for
Cumulus measures. Also, the concepts of “bright” and
brightest” regions is somewhat subjective, and can vary
across observers. But we have tried to see if and how
risk prediction depends on the threshold, so the key
issue was to have measurements in effect at different
thresholds (and of course conducted blind to case-
control status) and then use OPERA, log likelihoods and
AUC to assess the relative goodness of fits.

Conclusions
This case-control study found that better discrimination
between women with and without breast cancer can be
achieved by defining mammographic density at a higher
pixel brightness threshold than conventional, at least for
Asian women. A new measure, Altocumulus, performed
better than the conventional measure, Cumulus, in pre-
dicting breast cancer risk from digital mammography
images. This suggests that the mammographically denser
(bright) regions might be more aetiologically important
for breast cancer, with implications for biological, mo-
lecular, genetic and epidemiological research and clinical
translation. More research is required to work out which
threshold is optimal and we encourage other researchers
to work on this question.

Appendix
For each transformed density measure, Y, we fitted a regres-
sion for the mean as a linear function of age and BMI and
the other fitted covariates. For individual i, E[Yi] = b0 +
bage.agei + bBMI. BMIi + b1X1i +… + bnXni, where Yi is their
observed value; E[.] represents the expected value; and agei,
BMIi, X1i, …, Xni are their age, BMIi, and other fitted covar-
iates; and b0, …, bn are the corresponding regression coeffi-
cients. We then divided the residuals, Ri = Yi – E[Yi],
by the standard deviation of the residuals, SD(Ri), to
give Y’ = Ri/SD(Ri).
The different density measures, Y’, were fitted independ-

ently and then together; the improvement in fit was
assessed using the likelihood ratio test. When we fitted two
density measures, Y1’ and Y2’, into the same model, we pre-
sented the risk estimates in terms of the change in the
standard deviation after adjusting also for the other meas-
ure, to be consistent with the OPERA concept. Let r be the
correlation between Y1’ and Y2’. Because the standard devi-
ation of Yj

’ adjusted for Yk’ is SD’ = [(1 – r2)]0.5, for j,k = 1,2,
when Yj’ is fitted with Yk’ we multiplied the log(OR) esti-
mate from fitting Yj’ by SD’ and then exponentiated it to
obtain the appropriate OPERA. [For r = 0.6, 0.7, and 0.8,
SD’ approximately 0.8, 0.7, and 0.6, respectively].
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Chapter 5. Breast cancer risk associations with mammographic density at 

higher pixel-threshold for different digital mammography systems  

 

 

5.1. Introduction 

It is now well-established that there is information in a mammogram that 

predicts breast cancer risk into the future [14, 83, 195]. This has been referred to as 

‘mammographic density’, and has conventionally been defined as the ‘white or 

bright’ areas on a mammogram. Once adjusted for the negative confounders age 

and body mass index (BMI), these mammographic density measures are among 

the strongest risk factors for breast cancer in terms of differentiating cases from 

controls [65]. For mammographic density, the risk gradient per standard deviation 

adjusted for all other risk factors is comparable to the risk gradients for the 

currently known susceptibility single nucleotide polymorphisms (SNPs) [196], 

multi-generational family history [196, 197], and a measure of global 

hypomethylation [198, 199]. 

One well-established measurement of mammographic density uses the 

computer-assisted thresholding software package CUMULUS, in which the 

observer selects visually a pixel intensity threshold to define what are considered 
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to be the dense areas for each mammogram [12, 130, 148, 195, 200]. Most of the evidence 

for mammographic density as a reliable predictor of disease was performed using 

digitized images of analog films, but digital mammography opens new 

opportunities for immediate translation into clinical and public health practice. 

However, the appearance of mammographic density from digital mammography 

could differ by manufacturer due to use of different processing algorithms to 

convert the raw data to processed image [186, 201-204]. 

We have previously experimented with two new definitions of 

mammographic density [194, 205] and found that, by defining density at higher than 

conventional thresholds; we have achieved better discrimination between cases 

and controls. This has been demonstrated both for Korean women using processed 

digital mammography [205], and for Australian women using digitized analog films 

[19].  

In this study we tried to replicate our previous findings for Korean 

women using an independent sample and multiple observers. We also compared 

our measures with a fully automated version for measuring conventional 

mammographic density. We then estimated the strengths of association between 

breast cancer risk and mammographic density from processed full-field digital 

mammographic systems by two mammographic system manufacturers. 
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5.2. Methods 

5.2.1 Subjects 

We studied 398 women with invasive breast cancer (cases), identified 

from medical record review after breast cancer screening by mammography, who 

had received breast cancer surgery at the Samsung Medical Center, Seoul, Korea, 

between February 2006 and August 2013. We also studied 737 women who had 

also undergone breast cancer screening by mammography and had no evidence of 

malignant disease for at least one year after a routine health checkup (controls), 

randomly selected from those who underwent a periodic health checkup at the 

Health Promotion Center in the Samsung Medical Center between February 2006 

and December 2011. For each case, we chose approximately two controls 

matched for age (within one year), menopausal status, and mammography 

manufacturer. The study included 2 subgroups based on mammography 

manufacturer: (i) Hologic (157 cases and 263 controls) and (ii) General Electric 

(241 cases and 474 controls). The median age at mammography was 48 years and 

61% were under the age of 50 years. This study was approved by the Institutional 

Review Board of Samsung Medical Center (2011-0013545 and 

2014R1A2A2A01002705). All recruited women provided a written informed 

consent.  

 

80 

 



 

5.2.2 Full-field digital mammographic density measurements 

Cranio-caudal views of mammographic images were obtained using two 

processed full-field digital mammographic systems: (i) indirect conversion 

Senograph 2000D/DMR/DS, General Electric Company, Milwaukee, WI, USA, 

which we refer to as GE; and (ii) direct conversion Selenia, HOLOGIC, 

Marlborough, MA, USA, which we refer to as Hologic. For cases, only the breast 

contralateral to that involved in the cancer diagnosis was used. For matched 

controls, we use the same side as for the case. 

Four observers (TLN, YKA, NHT and CFE, in no particular order) 

measured mammographic density using the CUMULUS software in 13 batches of 

100 mammograms including cases and their matched controls at random, plus 

10% repeat samples used to estimate intra-class correlation within each set. In the 

fifth and tenth batch, there was also a 10% repeat sample from the first batch used 

to estimate intra-class correlation between the sets. Consequently, 120 images 

were included in each of batch 5 and batch 10, and 110 images in each of the 

other batches.   

As in Nguyen et al. [194, 205], mammographic density was measured in 

three ways: (i) using the conventional concept of “white or bright areas” to define 

the dense regions; we call those measures Cumulus; (ii) the “bright as distinct 

from white areas” to define density, in effect at a higher pixel brightness threshold 

then Cumulus; we call these measures Altocumulus; and (iii) the “brightest areas” 
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to define density; we call those measures Cirrocumulus. These three 

measurements were each made blind to the other measurements.  

We also measured conventional mammographic density with a fully 

automated and publically available program, the Laboratory for Individualized 

Breast Radiodensity Assessment (LIBRA) [170], that uses an adaptive multi-cluster 

fuzzy c-means segmentation algorithm [206]. 

5.2.3 Other measurements 

Height and weight, and hence BMI, as well as family history of breast 

cancer among first-degree relatives, menstrual and reproductive history, and 

health-related behaviors were measured by questionnaire. 

5.2.4 Statistical analysis 

Separately for each mammographic systems manufacturer and observer, 

we used the Box-Cox power function to transform each mammographic density 

measure for the controls so that their residuals were approximately normally 

distributed. For each transformed measure, using the controls only we fitted a 

linear regression model adjusting for age, BMI and menopausal status and then 

calculated the standard deviation of the residuals, s, for controls. Using the 

parameters of the fitted model for the controls, we calculated the adjusted values 
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for both cases and controls, and divided them by the corresponding value of s. We 

refer to these as the standardized transformed and adjusted measures. 

 We evaluated the association between each mammographic density 

measure and breast cancer risk by fitting conditional logistic regression models of 

the standardized transformed and adjusted measures, so as to allow comparison of 

risk gradients consistent with the concept of Odds PER Adjusted standard 

deviation (OPERA) [65]. For descriptive purposes, we categorized these into four 

groups based on the quartiles for the controls.  

The same analyses were done for each measure by observer and 

mammographic systems manufacturer. Separately for Cumulus, Altocumulus and 

Cirrocumulus, we also did this for the average of the standardized transformed 

and adjusted measures across all four observers to create a summary measure for 

the different definitions of mammographic density. 

 Statistical analyses were performed using the Stata 13.0 software package. 

Nominal statistical significance was, by convention, taken to be P = 0.05. 
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5.3. Results  

Averaging across observers, the correlations between their average 

measures for Cumulus and Altocumulus was 0.95 for dense area and 0.94 for 

percent dense area. The corresponding correlations were respectively 0.70 and 

0.63 between Cumulus and Cirrocumulus and were 0.76 and 0.69 between 

Altocumulus and Cirrocumulus. For dense area, the correlations between the 

LIBRA measure and the average measures of Cumulus, Altocumulus, and 

Cirrocumulus were 0.71, 0.67 and 0.58, respectively. The intra-class correlation 

coefficients for dense area corresponding to Cumulus, Altocumulus and 

Cirrocumulus measures were 0.97; 0.92 and 0.92 for within the batch and 0.98; 

0.93 and 0.92 for between the batches, respectively.  

The mean ages at breast cancer diagnosis was 47 years and 49 years for 

those whose mammograms were measured using machines manufactured by 

Hologic and GE, respectively. For cases, 61% were diagnosed before the age of 

50 years, and 69% were pre-menopausal (Table 5.1). 
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Table 5.1. Characteristics of the case and control samples by manufacturer of 
mammography machine 

 General Electric (n=715)    Hologic (n=420)   

 Cases   Controls    Cases   Controls   

 (n=241)  (n=474)    (n=157)  (n=263)   

 Mean (SD)   Mean (SD)   P*  Mean (SD)   Mean (SD)   P* 

Age at mammogram (years) 49 (7)  49 (6)  0.6  47 (7)  48 (7)  0.3 

Height (cm) 158 (5)  159 (5)  0.0001  157 (5)  159 (5)  0.04 

Weight (kg) 57 (8)  57 (7)  0.1  57 (8)  57 (8)  0.4 

BMI (kg/cm2) 23 (3)  22 (3)  0.0007  23 (3)  23 (3)  0.07 

Age at menarche (years) 15 (2)  15 (2)  0.06  15 (2)  15 (2)  0.2 

Number of live births 2 (0.8)  2 (0.9)  0.02  2 (0.6)  2 (0.8)  0.0003 

            

Parous N (%)  N (%)  P*  N (%)  N (%)  P* 

     Yes  226 (94)  453 (96)  0.3  144 (92)  239 (91)  0.8 

     No 15 (6)  21 (4)    13 (8)  24 (9)   
Menopausal status             
     Yes 79 (33)  156 (33)  0.97  38 (24)  77 (29)  0.3 

     No 162 (67)  318 (67)    119 (76)  186 (71)   
Benign breast lump             
     Yes 77 (32)  31 (7)  <0.001  54 (34)  19 (7)  <0.001 

     No 163 (68)  441 (93)    103 (66)  244 (93)   
     Missing 2  1    -  -   
First degree family history of breast cancer            
     Yes 19 (8)  20 (4)  0.08  16 (10)  9 (3)  0.005 

     No 222 (92)  452 (96)    141 (90)  254 (97)   
     Missing 2  0    -  -   
Alcohol consumption             
     Ever 124 (51)  179 (38)  <0.001  71 (45)  103 (39)  0.2 

     Never 117 (49)  295 (62)    86 (55)  160 (61)   
Smoking status             
     Ever 20 (8)  34 (7)  0.6  7 (4)  8 (3)  0.4 

     Never 221 (92)  440 (93)    150 (96)  255 (97)   
Hormone replacement therapy            
     Ever 10 (4)  79 (17)  <0.001  5 (3)  38 (14)  <0.001 

     Never 231 (96)  395 (83)    152 (97)  225 (86)   
Exercise             
     Regular (>=90 mins/ week) 84 (35)  98 (21)  <0.001  38 (24)  61 (23)  0.8 

     Less regular 158 (65)  376 (79)    119 (76)  202 (77)   
*P-value: two-sample t-test of significant differences between case and control for continuous variable and Pearson 
chi-squared test for categorical variable. 
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Table 5.2.Mammographic density measures of the case and control samples by machine  

     

 General Electric (n=715)     Hologic (n=420)     
MD measurements Cases   Controls   Cases   Controls  

 (n=241)  (n=474)   (n=157)  (n=263)  Cumulus Mean (SD)   Mean (SD) P*   Mean (SD)   Mean (SD) P* 
     Dense area (cm2)          Observer 1  26.8 (17.1)  22.7 (16.6) 0.002  17.2 (9.2)  14.0 (10.1) 0.001 

Observer 2 35.4 (18.8)  31.4 (18.1) 0.005  20.3 (9.0)  17.9 (8.9) 0.008 
Observer 3  15.4 (10.2)  13.8 (8.9) 0.03  21.8 (8.2)  16.6 (7.5) <0.0001 
Observer 4  23.4 (13.7)  20.1 (12.6) 0.001  22.7 (8.9)  18.7 (9.6) <0.0001 
Average** 25.3 (13.9)  22.0 (13.2) 0.002  20.5 (7.7)  16.8 (7.9) <0.0001 
LIBRA 28.7 (21.3)  21.8 (17.4) <0.0001  36.9 (14.7)  29.1 (15.7) <0.0001 

     Percentage dense area          Observer 1  25.6 (14.9) 
 

22.6 (14.2) 0.008 
 

16.5 (8.0) 
 

15.5 (9.9) 0.3 
Observer 2 33.7 (15.9) 

 
31.5 (15.7) 0.09 

 
19.6 (7.0) 

 
20.1 (8.4) 0.6 

Observer 3  15.0 (10.3) 
 

14.2 (9.7) 0.4 
 

21.4 (7.7) 
 

18.7 (7.2) 0.0003 
Observer 4  22.1 (11.7) 

 
20.0 (11.3) 0.02 

 
22.0 (7.1) 

 
20.9 (8.7) 0.2 

Average** 24.1 (12.3)  22.1 (11.8) 0.03  19.9 (6.0)  18.8 (7.2) 0.1 
LIBRA 29.6 (20.9) 

 
23.7 (17.3) 0.0001 

 
36.1 (14.0) 

 
32.5 (16.9) 0.03 

     Density threshold (range 0-4095) 
        Observer 1  2409 (208) 
 

2349 (171) 0.0001 
 

1921 (285) 
 

1888 (349) 0.3 
Observer 2 2338 (196) 

 
2270 (163) <0.0001 

 
1771 (239) 

 
1696 (244) 0.002 

Observer 3  2502 (213) 
 

2423 (145) <0.0001 
 

1732 (214) 
 

1737 (189) 0.8 
Observer 4  2433 (205) 

 
2366 (148) <0.0001 

 
1685 (209) 

 
1686 (250) 0.95 

          
Altocumulus 

              Dense area (cm2) 
         Observer 1  7.25 (6.54) 

 
5.83 (5.68) 0.003 

 
4.76 (2.96) 

 
3.46 (2.59) <0.0001 

Observer 2 15.5 (10.9) 
 

12.8 (8.92) 0.0005 
 

7.84 (3.87) 
 

6.32 (3.25) <0.0001 
Observer 3  5.43 (4.54) 

 
5.16 (3.85) 0.4 

 
6.96 (2.79) 

 
4.72 (2.39) <0.0001 

Observer 4  7.79 (5.39) 
 

6.52 (4.63) 0.001 
 

9.49 (3.64) 
 

7.12 (3.48) <0.0001 
Average** 8.99 (6.02)  7.59 (5.14) 0.001  7.26 (2.74)  5.41 (2.33) <0.0001 

     Percentage dense area 
         Observer 1  6.77 (5.36) 

 
5.80 (4.85) 0.01 

 
4.45 (2.22) 

 
3.85 (2.59) 0.02 

Observer 2 14.9 (9.32) 
 

13.1 (8.18) 0.007 
 

7.52 (2.97) 
 

7.25 (3.26) 0.4 
Observer 3  5.42 (4.85) 

 
5.46 (4.57) 0.9 

 
6.82 (2.57) 

 
5.36 (2.59) <0.0001 

Observer 4  7.32 (4.35) 
 

6.49 (4.14) 0.01 
 

9.37 (3.30) 
 

8.01 (3.37) 0.0001 
Average** 8.62 (5.20)  7.71 (4.76) 0.02  9.04 (2.04)  6.12 (2.25) <0.0001 

     Density threshold (range 0-4095) 
        Observer 1  2605 (202) 
 

2532 (153) <0.0001 
 

2611 (241) 
 

2381 (288) <0.0001 
Observer 2 2507 (190) 

 
2432 (144) <0.0001 

 
2365 (206) 

 
2142 (225) <0.0001 

Observer 3  2630 (203) 
 

2534 (152) <0.0001 
 

2439 (238) 
 

2255 (220) <0.0001 
Observer 4  2587 (196) 

 
2510 (143) <0.0001 

 
2264 (238) 

 
2117 (226) <0.0001 

          
Cirrocumulus 

              Dense area (cm2) 
         Observer 1  2.20 (2.08) 

 
1.59 (1.54) <0.0001 

 
1.64 (1.06) 

 
0.80 (0.60) <0.0001 

Observer 2 1.59 (1.94) 
 

0.94 (0.97) <0.0001 
 

1.06 (0.73) 
 

0.63 (0.43) <0.0001 
Observer 3  1.64 (1.70) 

 
1.51 (1.43) 0.3 

 
2.57 (1.39) 

 
1.51 (0.90) <0.0001 

Observer 4  1.71 (1.24) 
 

1.46 (1.08) 0.006 
 

3.75 (1.59) 
 

2.26 (1.17) <0.0001 
Average** 1.78 (1.33)  1.38 (0.92) <0.0001  2.26 (0.95)  1.30 (0.60) <0.0001 

     Percentage dense area 
         Observer 1  2.11 (1.95) 

 
1.62 (1.57) 0.0003 

 
1.54 (0.87) 

 
0.89 (0.58) <0.0001 

Observer 2 1.42 (1.42) 
 

0.93 (0.86) <0.0001 
 

1.02 (0.63) 
 

0.72 (0.49) <0.0001 
Observer 3  1.63 (1.70) 

 
1.63 (1.83) 0.999 

 
2.57 (1.41) 

 
1.78 (1.16) <0.0001 

Observer 4  1.59 (0.91) 
 

1.46 (1.01) 0.09 
 

3.70 (1.57) 
 

2.57 (1.25) <0.0001 
Average** 1.69 (1.12)  1.41 (0.98) 0.0007  2.21 (0.88)  1.49 (0.69) <0.0001 

     Density threshold (range 0-4095) 
        Observer 1  2707 (208) 
 

2627 (147) <0.0001 
 

2982 (201) 
 

2714 (225) <0.0001 
Observer 2 2730 (209) 

 
2656 (144) <0.0001 

 
3100 (249) 

 
2731 (271) <0.0001 

Observer 3  2730 (207) 
 

2635 (154) <0.0001 
 

2861 (272) 
 

2585 (260) <0.0001 
Observer 4  2711 (203) 

 
2626 (145) <0.0001 

 
2675 (245) 

 
2453 (227) <0.0001 

*P-value: two-sample t-test of significant differences between case and control; ** Average = mean of the four 
observers 
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For both cases and controls, the Altocumulus measures for dense and 

percentage dense area were less than the corresponding Cumulus measures, and 

the Cirrocumulus measures were less than the corresponding Cumulus measures 

(Table 5.2). The mean density pixel intensity thresholds increased from Cumulus 

to Altocumulus to Cirrocumulus within and between observers. The mean density 

thresholds were higher for cases than controls for Altocumulus and Cirrocumulus 

measures (all P<0.001).  

 For GE manufactured machines, dense area measures were associated with 

breast cancer risk after adjusting for age and BMI for all observers and LIBRA 

(most P < 0.001) (Table 5.3). There were no differences in the strengths of 

association between density and breast cancer risk for Cumulus by observer or 

LIBRA. When the LIBRA measure was fitted with the average of the observers 

Cumulus measures, the LIBRA estimate remained virtually unchanged and the 

latter estimate was 0.94 (0.73-1.21, P=0.6). Similarly, when LIBRA was fitted 

with the average Altocumulus measure the latter estimate was 1.05 (0.83-1.33, 

P=0.7). When LIBRA was fitted with the average Cirrocumulus measure, the 

LIBRA estimate was reduced to 1.34 (1.10-1.63, P=0.004) and the Cirrocumulus 

estimate was reduced to 1.22 (1.00-1.49, P=0.05). The correlation between these 

estimates was −0.58.      
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Table 5.3. Estimates of OPERA, 95% confidence intervals (95% CI) in dense area for GE  

    Dense Area OPERA (95% CI) (a) P (b) AUC (95% CI) (c) 
    Cumulus    
 

Observer 1 1.37 (1.17−1.61) <0.001 0.61 (0.56−0.65) 

 
Observer 2 1.29 (1.11−1.51) 0.001 0.58 (0.54−0.63) 

 
Observer 3 1.25 (1.07−1.46) 0.004 0.58 (0.54−0.63) 

 
Observer 4 1.38 (1.18−1.63) <0.001 0.61 (0.56−0.65) 

 Average (d)  1.36 (1.16−1.59) <0.001 0.60 (0.56−0.65) 
 LIBRA 1.50 (1.28−1.76) <0.001 0.64 (0.60−0.69) 
     

    Altocumulus    
 

Observer 1 1.42 (1.20−1.67) <0.001 0.62 (0.57−0.66) 

 
Observer 2 1.37 (1.17−1.60) <0.001 0.61 (0.56−0.65) 

 
Observer 3 1.11 (0.95−1.29) 0.2 0.53 (0.49−0.58) 

 
Observer 4 1.40 (1.19−1.64) <0.001 0.61 (0.57−0.66) 

 Average (d) 1.40 (1.19−1.64) <0.001 0.61 (0.57−0.66) 

         Cirrocumulus    
 

Observer 1 1.48 (1.26−1.73) <0.001 0.63 (0.59−0.68) 

 
Observer 2 1.70 (1.43−2.03) <0.001 0.68 (0.64−0.72) 

 
Observer 3 1.13 (0.95−1.33) 0.2 0.53 (0.49−0.58) 

 
Observer 4 1.36 (1.15−1.60) <0.001 0.60 (0.56−0.64) 

 
Average (d) 1.47 (1.25−1.73) <0.001 0.63 (0.59−0.67) 

(a) Odds ratio per standard deviation adjusted for age, body mass index, menopausal status (CI = 
confidence interval). 
(b)P refers to statistical significance of the OR estimate.  
(c)AUCs refer to the area under the received operating characteristic curves for mammographic 
measurements after adjusted for age, body mass index and menopausal status. 
(d)The average of four observers for the OPERA estimates 

 

 For Hologic manufactured machines, there were associations between 

density measures and breast cancer risk (all P < 0.001). The strengths of these 

associations increased with increasing pixel intensity threshold, with the OPERA 

being highest for Cirrocumulus, and lowest for Cumulus (Table 5.4). When 

Cumulus, Altocumulus and Cirrocumulus measures were fitted together, the 
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Cirrocumulus estimate remained highly significant at 4.11 (2.64-6.40, P<0.001) 

while the other two estimates became not significant, being 0.90 (0.39-2.06, 

P=0.8) and 0.77 (0.29-2.06, P=0.6), for Cumulus and Altocumulus, respectively.      

Table 5.4. Estimates of OPERA (95% CI) in dense area for Hologic 

Dense Area OR (95% CI)(a) P(b) AUC (95% CI) (c) 

Cumulus 
   

 
Observer1 1.53 (1.23−1.91) <0.001 0.66 (0.61−0.72) 

 
Observer2 1.34 (1.07−1.67) 0.01 0.62 (0.57−0.68) 

 
Observer3 2.07 (1.62−2.64) <0.001 0.76 (0.71−0.81) 

 
Observer4 1.56 (1.26−1.93) <0.001 0.67 (0.62−0.73) 

    

 Average(d) 1.58 (1.27−1.97) <0.001 0.67 (0.62−0.73) 

 LIBRA 1.72 (1.38−2.15) <0.001 0.70 (0.65−0.75) 

     
Altocumulus 

   

 
Observer1 1.88 (1.47−2.41) <0.001 0.71 (0.66−0.76) 

 
Observer2 1.60 (1.27−2.02) <0.001 0.68 (0.63−0.73) 

 
Observer3 3.14 (2.31−4.26) <0.001 0.83 (0.79−0.87) 

 
Observer4 1.92 (1.53−2.42) <0.001 0.74 (0.69−0.79) 

    

 Average(d) 2.04 (1.60−2.59) <0.001 0.75 (0.70−0.80) 

     
  Cirrocumulus 

   

 
Observer1 3.34 (2.43−4.58) <0.001 0.86 (0.82−0.90) 

 
Observer2 2.60 (1.97−3.45) <0.001 0.80 (0.75−0.84) 

 
Observer3  3.26 (2.37−4.47) <0.001 0.85 (0.81−0.88) 

 
Observer4 3.29 (2.40−4.52) <0.001 0.85 (0.81−0.89) 

    

 Average(d) 3.31 (2.45−4.47) <0.001 0.88 (0.85−0.92) 
(a) Odds ratio per standard deviation adjusted for age, body mass index, menopausal status (CI = 
confidence interval). 
(b)P refers to statistical significance of the OR estimate.  
(c)AUCs refer to the area under the received operating characteristic curves for mammographic 
measurements after adjusted for age, body mass index and menopausal status. 
(d)The average of four observers for the OPERA estimates 
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Figure 5-1 shows, separately for the two manufacturers, the estimates of 

the AUC and OPERA for each measure of density for each observer as a function 

of the pixel intensity threshold. It illustrates that the mean pixel intensity 

thresholds across the range of Cumulus to Cirrocumulus were markedly more 

spread for the Hologic machines (1700 to 3000) than for the GE machines (2300 

to 2700). It also illustrates that the risk prediction was stronger for the Hologic 

machines given a steeper gradient in OPERA estimates from Cumulus to 

Cirrocumulus. Finally, it illustrates that, especially for Hologic machines, the 

strength of association between density and breast cancer risk was stronger for the 

higher thresholds. Notice that findings using the OPERA estimates were almost 

identical to those using the AUC. In percentage terms, the increments in log 

(OPERA) compared with 0, and in AUCs compared with 0.5, were almost 

identical.     

 

90 

 



 

 
Figure 5-1 Mean density thresholds measures of Cumulus, Altocumulus and 

Cirrocumulus by Hologic and General Electric 

 

5.4. Discussion 

 We had previously found that Altocumulus and Cirrocumulus, based on 

defining the mammographically ‘dense’ regions by being successively brighter, 

and therefore in effect at higher pixel intensity thresholds than has been the 

convention, did better at predicting breast cancer risk for digital mammography of 

Korean women [205] and for digitized analog film mammography of Australian 

women [194]. Here we found that, for digital mammography of Korean women, 
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density measured by CUMULUS and LIBRA were associated with breast cancer 

risk for both mammography system manufacturers. 

The most striking finding of our study was the clear evidence that 

Altocumulus and Cirrocumulus measures were superior predictors when using 

machines manufactured by Hologic, as assessed by both OPERA estimates and 

AUCs. In comparison with the mammograms from GE manufactured machines, 

there was a much wider range in thresholds across the different definitions of 

density. This latter observation is interesting because the observers were 

measuring what they thought were the same concepts blind to machine 

manufacturer. That is, their thresholds depended on what they saw, and this 

differed substantially between machines produced by the two different 

manufacturers. 

We have found that the prediction of breast cancer risk depends on the 

manufacturer, and perhaps other characteristics of the mammography system. 

This is akin to the measurement of bone mineral density as a risk factor for 

osteoporotic fracture; each machine is calibrated for a standard population, and 

measurements are presented in terms of standard deviations from the mean for 

people of the same age. This could be the way forward for the application of 

mammographic density for clinical use and population-wide screening. In theory, 

it should not be difficult to establish population norms for a given machine or 

manufacturer in a given setting, given that screening is being conducted on such a 

large scale at least in developed countries.  
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Some strengths of our study are that we used multiple observers and 

measured the conventional concept using an automatic procedure, LIBRA. This is 

important because a limitation of our previous work was that we had compared 

Cumulus, Altocumulus and Cirrocumulus measures from the same observers, and 

our finding that the conventional Cumulus measures were sub-optimal compared 

with the Altocumulus and Cirrocumulus measures could have been due to the 

performance of our observers. Here we have evidence that our observers were 

performing adequately given the risk estimates using their Cumulus measures 

were similar to those using LIBRA. 

A weakness of this study is that we have not definitively determined the 

optimal threshold for risk prediction. We have shown, however, that this likely 

depends on the population and mammographic system being used. Another 

limitation of our work is that we have used a case-control design. Cleary much 

more research is needed to establish the evidence base for this paradigm shift in 

the use and best definitions for mammographic density, and this might be best 

done using prospective cohorts. This is because that design allows differentiation 

between two issues – masking (reduced ability to detect existing tumors due to 

them being in white or bright areas) and risk prediction [149]. 

Using machines manufactured by Hologic, it would appear that the best 

risk prediction is achieved by defining density at a very high threshold, well 

beyond what an observer can detect using machines manufactured by GE, see 

Figure 5-2. With the same objective to detect tumors, each manufacturer uses 
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different detector and post-processing algorithms. As a result, the appearance of 

mammographic density on the mammogram will differ across manufacturers e.g. 

the amount of mammographic density by visual assessment has been found to be 

greater when using GE rather than Hologic machines [207]. 

 

Figure 5-2 Receiver operating characteristic curve and area under the curve 

(AUC) for Hologic manufacture with the various dense area measures from full-

field digital mammograms in terms of breast cancer risk 
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Our findings are important for several reasons. First, in terms of clinical 

relevance, we studied digital images, so our findings are relevant to 

mammography as it is being, or will be, conducted across most of the world as a 

replacement for analog films. Digital mammography also lends itself to automated 

measures that can be used to provide information in real-time. Our findings 

therefore inform future developments of automated measures.  

Second, the regions of the breast that appear to be higher or highly dense 

are etiologically more important for breast cancer susceptibility. The relevant 

tissues, and therefore the biological processes, involved in explaining why 

mammographic density is a risk factor are more likely to be in these regions. If 

confirmed, this is a critical observation for molecular, genetic and other studies 

trying to determine the underlying biological processes behind the phenomenon. It 

is also important for research and translation on the prospect of using 

‘mammographic density’ to better predict women for interventions or targeted 

screening. Why regions on a mammogram appear to be highly dense is not well 

understood and difficult to resolve, not the least because a mammogram is a two-

dimensional picture of a three-dimensional object.  

 Third, these new breast cancer risk factors are among the strongest yet 

known in terms of differentiating women who will or will not get breast cancer, 

when viewed on a population as distinct from individual perspective. This comes 

from considering OPERA, an omnibus measure for discrimination between cases 

and controls similar to the AUC that has the advantage of explicitly taking into 
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account other risk factors. The OPERAs we estimated here of 1.4–1.6 for 

Cumulus as measured by our observers and by LIBRA are comparable to those 

from other studies of mammographic density. They are also similar to the OPERA 

for a risk score based on the current common genetic markers (SNPs) recently 

found to be associated with risk [54, 192]. In comparison, the OPERA for rare 

mutations in BRCA1 and BRCA2, combined, is only about 1.2 [65]. The OPERAs 

for Hologic measurements of Altocumulus and particularly Cirrocumulus are 

much higher, and therefore of considerable interest.     

Fourth, in a global sense, there is an increasing incidence of breast cancer 

for women living in developing countries, including Asian women [23, 208]. This is 

possibly due to an adapted Western lifestyle especially for younger women [209] 

including a dramatic change to having fewer children and later age of first 

pregnancy. Although this study has included Korean women, the results cannot 

be extrapolated to all Asian women. We are conducting similar studies of 

women in other Asian populations, such as women living in HoChiMinh City, 

Vietnam, and Asian women living in Victoria, Australia. Given the absolute size 

of Asian populations and their increasing development, and the increasing 

migration of Asian women to Western countries, the world is facing an 

‘epidemic’ of breast cancer of far greater consequence than was seen last 

century. It is therefore essential that cancer control measures be sought and 

implemented.  
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5.5. Conclusion 

An initial step is to find how to identify women at increased risk so as to 

allow for personalized recommendations on screening and risk reduction. Family 

history, which has been one of the main indicators of risk for Western women, is 

far less useful for Asian women given the low lifetime risk in previous 

generations, compounded by the complex issues around knowing of let alone 

verifying breast cancers in relatives. Digital mammography is becoming widely 

used worldwide. More research is required to work out which threshold is 

optimal, and for which machines, and we encourage other researchers to work on 

this question for digital mammography of other populations. 
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Chapter 6. Breast cancer mode of detection: Interval breast cancer versus 

screen-detected breast cancer 

 

 

6.1. Introduction 

Currently, mammography screening is one of the best options for early detection 

and diagnosis to reduce breast cancer mortality [210]. There are two major groups 

of breast cancers defined by mode of detection: (i) breast cancers that have been 

detected via a screening program, called screen-detected breast cancers, and (ii) 

breast cancers that are detected within two years of a screening mammogram that 

did not detect breast cancer, called interval breast cancers. Since mammography 

screening programs were introduced in the late-1970s, breast cancer mortality has 

reduced by up to 35% for women aged 50 to 74 years and by approximately 20% 

for women aged less than 50 years of age [211, 212]. About 25% of all breast cancers 

in women attending population-based screening programs are detected in the 

interval after a negative routine screen (i.e., they are interval breast cancers) [213]. 

Mammographic density is a risk factor for both interval and screen-detected breast 

cancers [148, 214, 215]. Interval breast cancers have been found to be more aggressive 

and spread faster compared with screen-detected breast cancers [215-220]. Therefore, 

it is important to understand how the relationship between breast cancer risk and 
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mammographic density depends on the mode of detection to be able to identify 

women at high risk of developing interval breast cancer. 

 Using the OPERA concept, we previously found, for both Australian [194] 

and Korean [205] women, that selecting pixel brightness thresholds at a higher 

intensity than has been conventional better separates women with and without 

breast cancer [221]. In this chapter, I use the Melbourne Collaborative Cohort Study 

to see if, and how well, the new measures of mammographic density apply to 

interval and screen-detected breast cancers.   

6.2. Material and methods  

 We conducted a nested case–control cohort study of 590 women 

diagnosed with invasive breast cancer, and 1,695 controls matched for year at 

birth, year of baseline interview and country of origin from the Melbourne 

Collaborative Cohort Study [76, 149]. The Melbourne Collaborative Cohort Study is 

a large cohort study of Greek-born, Italian-born and Australia-born men and 

women who were residents of Melbourne and aged between 40 and 69 years at 

recruitment [222, 223]. Participants in the Melbourne Collaborative Cohort Study 

completed interviewer-administered questionnaires that asked about standard risk 

factors for breast cancer, including height, weight and reproductive history. 

Family cancer history was also obtained from all participants [76].  
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 The subjects in this analysis were females who had attended BreastScreen 

Victoria at least one for a mammogram. Cases were selected based on medical 

record review after mammography. Controls were randomly matched by age and 

country of origin with ratios of approximately one case to four controls. Screen-

detected breast cancers were identified by BreastScreen Victoria and interval 

breast cancers were identified within two years of mammogram at BreastScreen 

Victoria.  The study included two subgroups: 422 screen-detected breast cancer 

and 168 interval breast cancers; see Figure 6.1. The study was approved by the 

human research ethics committees of the University of Melbourne and the Cancer 

Councils of Victoria and New South Wales.  
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Figure 6-1 Flowchart of selection of subjects from the Melbourne Collaborative 

Cohort Study (MCCS) for a nested matched case–control study of screen-detected 

and interval breast cancer. 
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6.2.1 Measurement of mammographic density 

 Mammograms were retrieved from BreastScreen Victoria, from private 

clinics and from the women themselves. For all participants we obtained at least 

one mammogram. For cases, the contralateral mammograms were used and had 

been taken at or before diagnosis. All mammograms were screen-film and were 

digitised by the Australian Mammographic Density Research Facility using an 

Array 2905 Laser Film Digitizer at 12-bit depth. 

 The CUMULUS computer-assisted thresholding method was used to 

measure mammographic density; see Section 1.6.3.  Four observers independently 

measured mammographic density blind to case–control status, breast cancer mode 

of detection and any previous mammographic density measures. First, the 

observers measured mammographic density using the conventional threshold, 

Cumulus [71, 224]. Next, the observers measured mammographic density at the 

higher brightness thresholds, Altocumulus and Cirrocumulus; see Section 2.2.   

 Repeatability was assessed by performing the measurements in 18 sets of 

100 mammograms with the same ratio of cases and controls and including 10% 

repeat samples randomly in each set to estimate intra-class correlation within the 

set. In the 5th, 10th and 15th sets, there was also a 10% repeat sample from the 

first batch to estimate intra-class correlation between the sets. Consequently, 110 

images were included in all batches except for batches 2, 10 and 15, which had 

120 images.  
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6.2.2 Statistical methods 

 The t-test for continuous variables or the χ2 test for binary or categorical 

variables, where appropriate, was used to test for differences between groups. 

Multinomial (polytomous) logistic regression was used to estimate the 

associations between the mammographic density measures and breast cancer risk, 

separately for screen-detected breast cancer and interval breast cancer, adjusting 

for covariates. Each mammographic density measure was transformed using a 

Box–Cox power transformation to have an approximately normal distribution [225]. 

For each fitted model, the mean of the transformed measures for the controls was 

adjusted for age and BMI to derive the standard deviation of the residuals. From 

this I estimated the OPERA [221] and used maximum likelihood theory to 

determine the weighted combination of transformed, standardised, and age- and 

BMI-adjusted measures that best predicted risk. The AUC was also estimated. All 

statistical analyses were conducted using the software Stata [226], and following 

convention, P < 0.05 was considered to be statistically significant. 

6.3. Results 

 Table 6.1 shows that screen-detected breast cancer cases did not differ 

from their controls for most the covariates. However, on average, women with 

screen-detected breast cancer had higher BMI than their controls (P = 0.003). For 

both screen-detected and interval breast cancers, cases were more likely to have a 

first-degree relative with breast cancer (P < 0.001).  
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 The Table 6.2 shows that dense area, as measured by Cumulus, 

Altocumulus or Cirrocumulus, was greater for cases than controls for both interval 

and screen-detected breast cancer (P < 0.001). For the Cumulus measure, percent 

dense area was substantially greater for interval breast cancers compared with 

both their controls (P < 0.001) and screen-detected breast cancers (P < 0.001). 

 After transforming and adjusting for age and BMI, the correlations 

between the dense area and percent density measures were 0.87, 0.92 and 0.96 for 

Cumulus, Altocumulus and Cirrocumulus, respectively. The correlation between 

the Cumulus and Altocumulus measures was 0.86 for dense area and 0.88 for 

percent density. The corresponding correlations between the Cumulus and 

Cirrocumulus measures were 0.82 and 0.82, respectively, and the corresponding 

correlations between the Altocumulus and Cirrocumulus measures were 0.82 and 

0.82, respectively. 

 For interval breast cancer, the dense area measures were associated with 

breast cancer risk after adjusting for age and BMI (P < 0.001; Table 6.3). There 

were no statistically significant differences in the strengths of association with 

breast cancer risk across the different mammography density measures. The 

OPERAs were 1.84 (1.50 – 2.26; P < 0.001), 1.65 (1.35 – 2.00; P < 0.001) and 

1.84 (1.51 – 2.25; P < 0.001) for Cumulus, Altocumulus and Cirrocumulus, 

respectively. The corresponding AUCs were 0.70 (0.65 – 0.74), 0.67 (0.63 – 0.72) 

and 0.70 (0.66 – 0.75; all P < 0.001). 
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Table 6.1. Characteristics of the nested case-control samples, overall and by mode of detection (screen-detected and interval breast cancer) 

 
Overall 

   
Interval cancers 

  
Screen-detected 

 
 

Cases  Controls    
 

Cases  Controls    
 

Cases  Controls    

 
(n=590) (n=1,695)   

(n=168) (n=498)   
(n=422) (n=1,197)  

 
Mean (SD) Mean (SD) P 

 
Mean (SD) Mean (SD) P 

 
Mean (SD) Mean (SD) P 

Age at mammogram (years) 58.0 (7.4) 57.8 (7.4) 0.6 
 

56.0 (6.8) 56.2 (6.8) 0.7 
 

58.8 (7.5) 58.4 (7.6) 0.4 
Body mass index (kg/m2) 27.1 (5.0) 26.5 (4.8) 0.007 

 
26.7 (5.3) 26.5 (4.9) 0.7 

 
27.3 (5.0) 26.5 (4.8) 0.003 

Number of live birth 2.7 (1.0) 2.7 (1.0) 0.6 
 

2.6 (0.9) 2.7 (0.9) 0.5 
 

2.8 (1.0) 2.7 (0.9) 0.3 

            
 N (%) N (%) P 

 
N (%) N (%) P 

 
N (%) N (%) P 

Parity            
     Yes  498 (84) 1,471 (87) 0.2 

 
139 (83) 425 (85) 0.4 

 
359 (85) 1,046 (87) 0.2 

     No 92 (16) 224 (13)   
29 (17) 73 (15)   

63 (15) 151 (13)  
Menopausal status            
   Premenopausal  194 (33) 556 (33) 0.97 

 
67 (40) 197 (40) 0.9 

 
127 (30) 359 (30) 0.97 

   Postmenopausal  396 (67) 1,139 (67)   
101 (60) 301 (60)   

295 (70) 838 (70)  
Breast feeding            
   Yes 450 (76) 1,317 (78) 0.8 

 
123 (73) 380 (76) 0.6 

 
327 (77) 937 (78) 0.9 

   No 129 (22) 350 (20)   
41 (25) 110 (22)   

88 (21) 240 (20)  
   Missing 11 (2) 28 (2)   

4 (2) 8 (2)   
7 (2) 20 (2)  

Family history of breast cancer             
     Yes 135 (23) 240 (14) <0.001 

 
44 (26) 75 (15) 0.001 

 
91 (22) 165 (14) <0.001 

     No 455 (77) 1,455 (86)   
124 (74) 423 (85)   

331 (78) 1,032 (86)  
Ever alcohol consumption            
   Yes 367 (62) 1,077 (64) 0.6 

 
119 (71) 318 (64) 0.1 

 
248 (59) 759 (63) 0.09 

   Never 223 (38) 618 (36)   
49 (29) 180 (36)   

174 (41) 438 (37)  
Ever use of oral contraceptive            
   Yes 349 (59) 1,035 (61) 0.5 

 
102 (61) 324 (65) 0.4 

 
247 (59) 711 (59) 0.9 

   Never 240 (41) 654 (39)   
66 (39) 172 (35)   

174 (41) 492 (40)  
   Missing 1 (0) 6 (0)   

0 (0) 2 (0)   
1 (0) 4 (1)  

Ever use of hormonal therapy            
   Yes 188 (32) 474 (28) 0.08 

 
54 (32) 141 (28) 0.6 

 
134 (32) 333 (28) 0.1 

   Never 397 (67) 1,214 (72)   
113 (67) 355 (71)   

284 (67) 859 (72)  
   Missing 5 (1) 7 (0)   

1 (1) 2 (1)   
4 (1) 5 (0)  
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Table 6.2. Mammographic density measurements of the nested case–control samples, overall and by mode of detection (screen-detected and interval cancer) 

Mammographic measurements Overall 
  

Interval cancers 
  

Screen-detected 
 

 Cases Controls   Cases Controls   Cases Controls  

 (n=590) (n=1,695)   (n=168) (n=498)   (n=422) (n=1,197)  

 
Mean (SD) Mean (SD) P  Mean (SD) Mean (SD) P  Mean (SD) Mean (SD) P 

Cumulus            
       Dense area (cm2) 22 (13) 19 (12) <0.001  25 (13) 19 (11) <0.001  21 (13) 19 (12) 0.001 

       Non-dense area (cm2) 126 (58) 127 (55) 0.7  110 (54) 126 (56) 0.002  132 (59) 127 (55) 0.1 

       Percent dense area 17 (10) 15 (9) <0.001  21 (11) 15 (9) <0.001  16 (10) 14 (9) 0.02 

       Total area (cm2) 148 (58) 146 (55) 0.4  135 (56) 145 (56) 0.05  153 (58) 146 (55) 0.03 

            
Altocumulus            
       Dense area (cm2) 10 (8) 9 (7) <0.001  12 (8) 9 (7) <0.001  10 (7) 9 (8) 0.01 

       Non-dense area (cm2) 138 (59) 138 (56) 0.8  124 (57) 137 (57) 0.01  144 (59) 138 (55) 0.06 

       Percent dense area 8 (7) 7 (6) <0.001  11 (8) 7 (6) <0.001  7 (6) 7 (6) 0.08 

       Total area (cm2) 149 (59) 146 (55) 0.4  136 (57) 146 (57) 0.06  154 (59) 147 (55) 0.03 

            
Cirrocumulus            
       Dense area (cm2) 5.3 (5.6) 4.0 (4.9) <0.001  6.8 (6.2) 4.2 (4.6) <0.001  4.8 (5.3) 3.9 (4.9) 0.002 

       Non-dense area (cm2) 143 (58) 142 (55) 0.8  129 (55) 141 (56) 0.01  148 (58) 142 (55) 0.06 

       Percent dense area 4 (4) 3 (3) <0.001  6 (5) 3 (4) <0.001  4 (4) 3 (3) 0.01 

       Total area (cm2) 148 (58) 146 (55) 0.4  135 (56) 145 (56) 0.05  153 (58) 146 (55) 0.03 

SD: standard deviation, P: two-sample t-test of significant differences between cases and controls.
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 For screen-detected breast cancer, dense area measures were associated 

with risk after adjusting for age and BMI (P <0.001). The strengths of 

associations increased with pixel intensity threshold, with the OPERAs being 

higher for the Cirrocumulus measure, 1.32 (1.18 – 1.48; P < 0.001), compared 

with the Altocumulus and Cumulus measures, both with OPERA = 1.25 (1.12 – 

1.40; P <0.001). The corresponding AUCs were 0.63, 0.63 and 0.64, respectively, 

all P < 0.001. 

Table 6.3. Estimates of OPERA (95% CI) and AUC (95% CI) for dense area as a 
predictor of interval and screen-detected breast cancer 

 
Interval 

   
Screen-detected 

 

 

cases  

(n=168) 
OR (95% CI)a AUC (95%CI)b 

 

cases  

(n=590) 
OR (95% CI)a AUC (95%CI)b 

Cumulus Q1=20      – 
  

88      – 
 

 
Q2=29 1.53 (0.81–2.89) 

  
    96 1.01 (0.72–1.41) 

 

 
Q3=41 2.09 (1.14–3.85) 

  
   88 0.99 (0.70–1.39) 

 

 
Q4=78 4.34 (2.43–7.73) 

  
   150 1.66 (1.22–2.27) 

 

 
OPERA 1.84 (1.50–2.26)  0.70 (0.65–0.74) 

 
OPERA 1.25 (1.12–1.40)  0.63 (0.60–0.66) 

Altocumulus 
     

 

Q1=24 – 
  

  81 – 
 

 
Q2=25 1.06 (0.57–1.98) 

  
  97 1.19 (0.84–1.66) 

 

 
Q3=49 1.82 (1.04–3.18) 

  
  98 1.28 (0.92–1.79) 

 

 
Q4=70 3.09 (1.78–5.36) 

  
  146 1.86 (1.35–2.56) 

 

 
OPERA 1.65 (1.35–2.00)  0.67 (0.63–0.72) 

 
OPERA 1.25 (1.12–1.40)  0.63 (0.60–0.66) 

Cirrocumulus 
     

 

Q1=18 – 
  

  79 – 
 

 
Q2=31 1.47 (0.75–2.88) 

  
  94 1.32 (0.93–1.87) 

 

 
Q3=39 2.33 (1.21–4.49) 

  
  102 1.38 (0.98–1.94) 

 

 
Q4=80 4.64 (2.51–8.58) 

  
  147 2.08 (1.50–2.87) 

 

 
OPERA 1.84 (1.51–2.25)  0.70 (0.66–0.75) 

 
OPERA 1.32 (1.18–1.48)  0.64 (0.61–0.67) 

a OR, odds ratio per standard deviation adjusted for age and body mass index; CI, 
confidence interval; 
b AUCs refer to the area under the receiver operating characteristic curves for 
mammographic measurements after adjusting for age and body mass index.  
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 For interval breast cancers, there were similar findings for percent density 

measures (Table 6.4) except that the OPERA was highest for the Cumulus 

measure 2.33 (1.85 – 2.92; P < 0.001) with a corresponding AUC of 0.75 (0.75 – 

0.79). The OPERA estimates for the other measures were 1.92 and 2.06 for 

Altocumulus and Cirrocumulus, respectively (all P <0.001). The corresponding 

AUCs were 0.70 and 0.73, respectively.  

Table 6.4. Estimates of OPERA (95% CI) and AUC (95% CI) for percent density as a 
predictor of interval and screen-detected breast cancer 

 
Interval 

   
Screen-detected 

 

 

cases  

(n=168) 
OR (95% CI)a AUC (95%CI)b 

 

cases  

(n=590) 
OR (95% CI)a AUC (95%CI)b 

Cumulus Q1=10 – 
  

81 – 
 

 
Q2=26 2.51 (1.14–5.52) 

  
94 1.20 (0.85–1.69) 

 

 
Q3=41 5.11 (2.37–11.1) 

  
98 1.12 (0.80–1.59) 

 

 
Q4=91 10.4 (4.98–21.8) 

  
149 1.95 (1.41–2.70) 

 

 
OPERA 2.33 (1.85–2.92) 0.75 (0.70–0.79) 

 
OPERA 1.30 (1.16–1.45)  0.64 (0.61–0.67) 

Altocumulus 
      

 

Q1=18 – 
  

85 – 
 

 
Q2=22 1.25 (0.62–2.50) 

  
85 1.00 (0.71–1.42) 

 

 
Q3=48 2.73 (1.46–5.09) 

  
114 1.31 (0.95–1.81) 

 

 
Q4=80 4.74 (2.57–8.72) 

  
138 1.72 (1.24–2.37) 

 

 
OPERA 1.92 (1.55–2.36)  0.70 (0.66–0.75) 

 
OPERA 1.27 (1.14–1.43)  0.64 (0.60–0.67) 

Cirrocumulus 
      

 

Q1=15 – 
  

72 – 
 

 
Q2=29 1.78 (0.90–3.51) 

  
108 1.63 (1.15–2.32) 

 

 
Q3=40 3.37 (1.71–6.66) 

  
99 1.35 (0.95–1.92) 

 

 
Q4=84 6.56 (3.44–12.5) 

  
143 2.29 (1.63–3.22) 

 

 
OPERA 2.06 (1.67–2.54)  0.73 (0.68–0.77) 

 
OPERA 1.35 (1.20–1.52)  0.64 (0.61–0.68) 

a OR, odds ratio per standard deviation adjusted for age and body mass index; CI, confidence interval;  
b AUCs refer to the area under the receiver operating characteristic curves for mammographic measurements 
after adjusting for age and body mass index.  
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 For screen-detected cancers, Table 6.5 shows that the OPERA was highest 

for the Cirrocumulus measure, 1.35 (1.20 – 1.52; P<0.001) with a corresponding 

AUC of 0.64. When the Cumulus, Altocumulus and Cirrocumulus measures were 

fitted together, the Cirrocumulus estimates remained highly significant with 

OPERAs of 1.36 (1.08 – 1.72) and 1.33 (1.07 – 1.67) for dense area and percent 

density, respectively, while other two estimates were no longer statistically 

significant (both P > 0.5).  

Table 6.5. Multiple mammographic density measures fitted together for interval 
and screen-detected breast cancer 

    Interval cancer     Screen-detected   
Dense area    OPERA (95% CI)   P   OPERA (95% CI)   P 

 Model 1a Cumulus   1.92 (1.31–2.84)  0.001    1.12 (0.89–1.42)  0.3 

  Altocumulus 0.95 (0.65–1.38)   0.8    1.13 (0.89–1.43)   0.3 

                   

 Model 2b Cumulus  1.30 (0.90–1.87)  0.2   0.97 (0.79–1.19)  0.8 

  Cirrocumulus 1.49 (1.04–2.12)   0.03    1.36 (1.10–1.68)   0.005 

                   

 Model 3c Altocumulus 0.90 (0.62–1.31)  0.6   0.97 (0.79–1.20)  0.8 

  Cirrocumulus 2.01 (1.37–2.96)   <0.001    1.35 (1.09–1.67)   0.005 

                   

 Model 4d Cumulus  1.52 (0.99–2.33)  0.06   0.98 (0.75–1.26)  0.8 

  Altocumulus 0.73 (0.47–1.12)  0.2   0.99 (0.76–1.28)  0.9 

  Cirrocumulus 1.71 (1.13–2.59)   0.01    1.36 (1.08–1.72)   0.008 
Percent density                   

 Model 1a Cumulus  2.94 (1.90–4.55)  <0.001   1.25 (0.97–1.61)  0.09 

  Altocumulus 0.77 (0.50–1.16)   0.2    1.04 (0.81–1.34)   0.7 

                   

 Model 2b Cumulus  1.99 (1.36–2.93)  <0.001   1.04 (0.85–1.28)  0.7 

  Cirrocumulus 1.19 (0.83–1.71)   0.3    1.31 (1.06–1.61)   0.01 

                   

 Model 3c Altocumulus 1.10 (0.75–1.61)  0.6   0.99 (0.81–1.21)  0.9 

  Cirrocumulus 1.90 (1.31–2.77)   0.001    1.37 (1.11–1.68)   0.003 

                   

 Model 4d Cumulus  2.53 (1.59–4.04)  <0.001   1.09 (0.83–1.43)  0.5 

  Altocumulus 0.65 (0.41–1.04)  0.07   0.93 (0.71–1.22)  0.6 
    Cirrocumulus 1.40 (0.93–2.11)   0.1     1.33 (1.07–1.67)   0.01 
a Cumulus and Altocumulus measures fitted together; b Cumulus and Cirrocumulus 
measures fitted together;  
c Altocumulus and Cirrocumulus measures fitted together; d Cumulus, Altocumulus and 
Cirrocumulus measures fitted together. 
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 For interval breast cancer where percent density was measured by 

Cumulus and dense area was measured by Cirrocumulus the OPERAs (and 95% 

CIs) were 2.24 (1.62 – 3.11) and 1.05 (0.78 – 1.41), respectively. For screen-

detected breast cancer the corresponding OPERAs were 1.12 (0.94 – 1.33) and 

1.22 (1.02 – 1.44).  

 

6.4. Discussion 

 Failure to detect breast cancer after a negative routine screen could be 

attributed to many factors and has been a major area of debate [227-231]. For 

instance, failure to detect a breast cancer might due to the quality of the 

mammogram, the radiologist’s interpretation and disagreement, the breast cancer 

patient characteristics (e.g., age), the amount of mammographic density and the 

breast cancer tumour’s properties (e.g., tumour histology and grade) [232-236]. 

 I previously developed two new mammographic density measures based 

on increasing the pixel brightness threshold that strongly differentiated between 

women with and without breast cancer [194, 205]. In this study, a nested case-control 

study within the Melbourne Collaborative Cohort Study [76, 149], I found that these 

measures strongly differentiated, not only between women with and without 

breast cancer in general, but also between interval and screen-detected breast 

cancer. These results suggest that for dense area, the strength of the estimates for 
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interval breast cancers were approximately 55% higher in log odds compared with 

screen-detected breast cancers for Cumulus, Altocumulus and Cirrocumulus 

measures. Similarly, the strength of the estimates were 60 % higher for percent 

density. There was no evidence for a difference in mammographic density 

measures by cancer detection method. 

 Many studies have reported that tumours detected as interval breast 

cancers are more aggressive and faster growing than screen-detected breast 

cancers [214, 216, 217, 234, 237, 238]. One possible reason is that interval cancers could be 

tumours that were missed by mammography screening due to a masking effect. 

This could be especially important for women with highly dense breasts, such as 

younger women and women who have used hormone replacement therapy [232-234, 

239-243]. However, others have found that for many risk factors for breast cancer, 

the risk gradients were similar for screen-detected and interval breast cancers from 

comparisons across age group (women aged under 50 years versus greater 50 

years), hormone replacement therapy status (currently versus not currently used), 

BMI (normal versus high) [214] and even digital or screen-film mammography, 

despite of the difference in tumour characteristics [244].  

 These analyses have shown that using either the conventional Cumulus 

measures or the higher pixel-threshold measures, Altocumulus and Cirrocumulus, 

and after adjusting for other covariates, mammographic density was strongly 

associated with an increased risk of both interval and scree-detected breast cancer. 
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The findings for the conventional Cumulus method were similar to those in other 

reports [148, 149].  

 For screen-detected breast cancers, Cirrocumulus remained statistically 

significant when fitted with the other measures, which were no longer significant. 

This result is similar to the results in Chapters 3 to 5 and Chapter 7 that used 

cross-sectional case-control designs in which a large proportion of cases would 

have been screen-detected breast cancers. 

 In this prospective nested case-control study, it was possible to 

differentiate interval breast cancers from screen-detected breast cancers. For 

interval breast cancers, percent density from the Cumulus measure was the best 

predictor of breast cancer status. Krishnan et al. [149] obtained similar results from 

analysis of this data set, but they did not measure Altocumulus and Cirrocumulus. 

Krishnan et al. suggested that the risk factors for screen-detected breast cancer 

represent the true risk for breast cancer, and the risk factors for interval breast 

cancer are a combination of true risk factors and masking. I found that, when 

fitting percent density measured by Cumulus and dense area measured by 

Cirrocumulus together, Cirrocumulus was no longer statistically significant. 

Hence, interval breast cancers are best predicted by the percentage of the breast 

that is covered by white or bright areas (i.e., masking).  

 One limitation of this study is that I was not able to divide the period of 

two years used to define interval breast cancers into smaller time periods, such as 
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12 months as in Boyd et al. [148]. Another limitation of the study was the small 

sample size, especially for interval cancers.  

 This finding is unlikely to be affected by bias because the measurers were 

independent and blinded to breast cancer status and to breast cancer mode of 

detection (interval or screen-detected).   

 

6.5. Conclusion and implications 

 In conclusion, extensive mammographic dense area defined by the higher 

pixel-brightness threshold Cirrocumulus was strongly associated with an 

increased risk of screen-detected breast cancer. Greater percentage 

mammographic density defined by the conventional Cumulus measure was 

strongly associated with an increased risk of interval breast cancer. That is, the 

higher density pixel-threshold for dense area predicts true risk for breast cancer 

and higher conventional percent mammographic density predicts masking.  

 The implications of this are that analyses of mammographic images can be 

used to predict both masking and risk. To date, prediction of masking has been in 

effect based on BIRADS, which is mostly defined in terms of percent density as a 

categorical variable. Given that the best predictor of masking is a continuous 

variable, this raises issues about whether the current thresholds for defining dense 
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breasts in terms of recommending other screening modalities are appropriate. The 

current threshold of 50% seems rather arbitrary and convenient. Moreover, the 

implications of having dense breasts depend on a woman’s underlying risk of 

breast cancer, and I have shown that the Cirrocumulus measure of dense area is an 

important predictor of risk. Therefore, much better protocols for dealing with the 

issue of dense breasts could, and should, be devised. 
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Chapter 7. Predicting risks of invasive breast cancer and ductal carcinoma 

in situ from digital mammographic density measures  

 
 

7.1.  Introduction 

About one in four diagnoses from mammographic screening are ductal 

carcinoma in situ (DCIS) [229, 245, 246]. Although the mortality rate for DCIS is 

considerably lower than for invasive breast cancer, women diagnosed with DCIS 

have a considerably increased risk for a subsequent breast cancer. DCIS shares 

many risk factors with invasive breast cancer [247], and a small proportion of DCIS 

are thought to progress to invasive breast cancer [248]. Only a few epidemiological 

studies have addressed the relationship between measures of mammographic 

density and risk of DCIS [249-251], and none have done so for density measured by 

digital mammography. A similar strength of association between mammographic 

density and invasive breast cancer and DCIS is consistent with, but does not 

prove, the hypothesis that both diseases may have a common aetiology [251]. 

A well-established method for measuring mammographic density is the 

computer-assisted thresholding software CUMULUS [12, 130, 148, 195, 200]. I have 

shown that, by defining mammographic density at higher thresholds than 

conventional, better discrimination between women with and without invasive 
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breast cancer can be achieved [194, 205]. I observed this for both Korean women 

using digital mammography ([205] and Chapter 5) and for Australian women using 

digitised screen-films ([194] and Chapter 6).  

The advent of full-field digital mammography has improved the quality of 

mammographic images for breast cancer screening and has been shown to result 

in more accurate diagnosis and detection [143, 185, 252]. Although screen-film 

mammography provided an important tool for breast cancer diagnosis and 

detection, it has important limitations because it also detects subtle soft-tissue, 

especially in the white or bright areas that have been traditionally considered to be 

mammographically dense.  

In this study, I have estimated and compared the associations between the 

different definitions of mammographic density for full-field digital mammograms 

and the risks of invasive breast cancer and DCIS, for Korean women. I have also 

estimated risk of invasive breast cancer versus DCIS.  
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7.2.  Methods 

7.2.1 Subjects 

I analysed a cross-sectional study that included 493 women with invasive 

breast cancer and 283 women with DCIS. All of these women had received 

surgery at the Asan Medical Center, Seoul, Korea, from January to December 

2008. For controls, I studied 1,400 women who had no evidence of malignant 

disease for at least one year after a routine health check-up. The controls were 

randomly selected from women who underwent a periodic health check-up at the 

Health Promotion Center at the Asan Medical Center from January to December 

2007. The controls were matched with cases by age at mammography (± 1 year). 

Consequently, the study was composed of two case–control groups: (i) 493 

invasive breast cancer cases and 866 controls, and (ii) 283 DCIS cases and 534 

controls. This study was approved by the Institutional Review Board (IRB 2010-

0811) of the Asan Medical Center.  

7.2.2 Full-field digital mammographic density measurements 

Cranio-caudal views were obtained using indirect conversion of 

processed full-field digital mammographic images from the Senographe 

2000D/DMR/DS, General Electric Company, Milwaukee, WI, USA. For cases, 

the (unaffected) breast contralateral to that involved in the cancer diagnosis was 

used. For controls, I used the same side as for the matched case. 
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Mammographic density was measured using the CUMULUS computer-

assisted thresholding method; see Section 1.6.3. Mammograms were measured in 

batches including 100 randomly chosen cases and their matched controls, plus 

randomly chosen 10% repeat samples used to estimate the intra-class correlation. 

In the fifth and tenth batches there was also a 10% repeat sample from the first 

batch used to estimate the intra-class correlation between batches. Consequently, 

120 images were included in the fifth and tenth batches and 110 images were 

included in each of the other batches. Therefore, a single observer measured the 

three mammographic density measures for 3,786 mammogram images in 36 

batches. 

As in Nguyen et al. [194, 205], mammographic density was first measured 

using the conventional threshold, Cumulus. Second, the measurer chose the higher 

thresholds for the Altocumulus and Cirrocumulus measures; see Section 2.2. All 

measurements were made blind to breast cancer status (invasive breast cancer, 

DCIS and unaffected).  

For dense area, the correlations between the average of the measures of 

were 0.96 for Cumulus and Altocumulus, 0.62 for Cumulus and Cirrocumulus, and 

0.64 for Altocumulus and Cirrocumulus. For dense area, the within and between 

batch intra-class correlations were 0.99 and 0.99, respectively. For percent density, 

the correlations between the average of the measures of were 0.95 for Cumulus 

and Altocumulus, 0.53 for Cumulus and Cirrocumulus, and 0.57 for Altocumulus 

and Cirrocumulus. For percent density, the within and between batch intra-class 
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correlations were 0.95 and 0.95, respectively. 

7.2.3 Statistical analysis 

For each mammographic density measure, and separately for each type of 

disease (invasive breast cancer and DCIS), the Box–Cox power function was used 

to transform the measure for the controls so that their residuals were 

approximately normally distributed. Using the controls only, I fitted a linear 

regression model adjusting for age and BMI, and then calculated the standard 

deviation of the residuals, s, for controls. Using the parameters of the fitted model 

for the controls, I calculated adjusted values for both cases and controls, and 

divided them by the corresponding value of s. I refer to these as the standardised 

transformed and adjusted measures. 

 I estimated the association between each mammographic density measure 

and breast disease risk by fitting conditional logistic regression models of the 

standardised transformed and adjusted measures to allow comparison of risk 

gradients consistent with the OPERA concept [65]. For descriptive purposes, I 

categorised these into four groups based on the quartiles for the controls. 

I estimated the association between each mammographic density measure 

and risk of invasive breast cancer versus DCIS by fitting conditional logistic 

regression models of the standardised transformed and adjusted measures. 
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Statistical analyses were performed using Stata 13.0. Nominal statistical 

significance was, by convention, taken to be P = 0.05. 

 

Table 7.1. Characteristics of the case and control samples sets by invasive breast 

cancer and ductal carcinoma in situ (DCIS). 

 
Invasive breast cancer 

 

DCIS 

 

Cases  Controls  

  

Cases  Controls  

 

 

(n=493) (n=866) 

  

(n=283) (n=534) 

 

 

Mean 

(SD) 

Mean 

(SD) 
Pa 

 

Mean 

(SD) 

Mean 

(SD) 
Pa 

        
Age at 

mammogram (yrs) 
48.7 (5.2) 49.7 (5.3) <0.001 

 
48.7 (4.9) 50.0 (5.1) <0.001 

Height (cm) 157.2 (4.9) 158.1 (4.8) <0.001 
 

156.8 (8.1) 158.2 (5.0) 0.002 

Weight (kg) 57.8 (8.0) 56.8 (7.1) 0.02 
 

57.6 (7.2) 57.1 (6.8) 0.3 

Body mass index 

(kg/m2) 
23.4 (3.0) 22.7 (2.7) <0.001 

 
23.3 (2.8) 22.8 (2.5) 0.006 

aP-value: two-sample t-test of significant differences between case and control.  

 

 

 

7.3.  Results 

 Table 7.1 shows that, for cases, the mean age at diagnosis was 48.7 

(SD = 5.2) years for those with invasive breast cancer and 48.7 (4.9) years for 

those with DCIS. For both invasive breast cancer and DCIS, 59% of cases were 

diagnosed before the age of 50 years (Figure 7-1). Table 7.2 shows that, for both 
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cases and controls, the Altocumulus measures for dense and percentage dense area 

were 47% less than the corresponding Cumulus measures, and the Cirrocumulus 

measures were over 90% less than the corresponding Cumulus and Altocumulus 

measures. The transformed Cumulus measures were higher for the cases compared 

with the controls (Figure 7-2).  

 

 

Figure 7-1 Boxplots of age at diagnosis of invasive breast cancer and DICS and 

age at mammogram for controls. 
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Figure 7-2 Scatter plot with lowess smoothing line (dash) and fitted line (solid) 
for Cumulus measures for transformed dense area and age for breast cancer 
subtype and breast cancer status (controls [253] & cases [blue]). 

Table 7.3 shows that, for invasive breast cancer, there were substantial 

risk gradients for dense area measures adjusted for age and BMI (all P < 0.001). 

The OPERA estimate for dense area was greater for the Cirrocumulus measure 

than for the Altocumulus and Cumulus measures. The corresponding AUCs were 

0.73 (0.70–0.76), 0.70 (0.67–0.73) and 0.70 (0.67–0.73), respectively (Figure 7-

3).  

For DCIS, there were substantial risk gradients for the dense area 

measures adjusted for age and BMI (all P < 0.001). The OPERA estimate was 

greater for the Cumulus measure than for the Altocumulus and Cirrocumulus 

measures. The AUCs were 0.71 (0.66–0.73), 0.69 (0.65–0.72) and 0.69 (0.65–

0.73) for the Cirrocumulus, Altocumulus and Cumulus measures, respectively 

(Figure 7-4). 
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Table 7.2. Mammographic density measurements of the case and control samples 

by invasive breast cancer and ductal carcinoma in situ (DCIS). 

 
Invasive breast cancer 

 

Ductal carcinoma in situ  

 
Cases  Controls  

  

Cases  Controls  

 
 

(n=493) (n=866) 

  

(n=283) (n=534) 

 
 

Mean (SD) Mean (SD) Pa 
 

Mean (SD) Mean (SD) Pa 

Cumulus 
       

    Dense area (cm2) 34 (22) 25 (17) <0.001 
 

32 (19) 24 (17) <0.001 

    Non-dense area (cm2) 76 (35) 70 (31) <0.001 
 

78 (41) 73 (31) 0.08 

    Percent dense area 32 (18) 27 (16) <0.001 
 

31 (17) 26 (16) <0.001 

    Total area (cm2) 110 (36) 95 (31) <0.001 
 

109 (43) 97 (31) <0.001 

    Density thresholdb 2401 (205) 2290 (128) <0.001 
 

2326 (307) 2291 (133) 0.02 

        
Altocumulus 

       
    Dense area (cm2) 18 (13) 12 (10) <0.001 

 
16 (12) 12 (10) <0.001 

    Non-dense area (cm2) 92 (35) 82 (30) <0.001 
 

93 (41) 85 (31) <0.001 

    Percent dense area 17 (11) 14 (9) <0.001 
 

16 (11) 13 (9) <0.001 

    Total area (cm2) 110 (36) 94 (32) <0.001 
 

109 (43) 96 (32) <0.001 

    Density thresholdb 2533 (201) 2410 (118) <0.001 
 

2460 (311) 2409 (119) <0.001 

        
Cirrocumulus 

       
    Dense area (cm2) 1.3 (1.5) 0.7 (0.7) <0.001 

 
1.0 (1.1) 0.7 (0.9) <0.001 

    Non-ense area (cm2) 109 (36) 94 (31) <0.001 
 

108 (43) 96 (31) <0.001 

    Percent dense area 1.2 (1.1) 0.7 (0.6) <0.001 
 

1.0 (1.2) 0.7 (0.7) <0.001 

    Total area (cm2) 110 (36) 95 (31) <0.001 
 

109 (43) 97 (31) <0.001 

    Density thresholdb 2787 (200) 2654 (113) <0.001 
 

2719 (343) 2652 (107) <0.001 

a P-value: two-sample t-test of significant differences between cases and controls.  

b Density threshold range 0 to 4095. 
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Figure 7-3 Receiver operating characteristic curves of the risk for invasive breast 

cancer for the various dense area measures from full-field digital mammograms. 

 

 

For Cirrocumulus, the log OPERA (i.e., the risk gradient) was 44% higher 

for invasive breast cancer than for DCIS (P = 0.06). Cirrocumulus was also a 

predictor of invasive breast cancer versus DCIS (P = 0.03; Table 7.3) and the 

AUC was 0.55 (Figure 7-5). There was no evidence that either the Altocumulus or 

Cirrocumulus measures had different risk gradients for, or differentiated between, 

invasive breast cancer and DCIS.  
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 Table 7.4 shows the risk estimates separately for cases diagnosed before, 

and at or after age 50 years. For invasive breast cancer, the point estimates were 

higher for the earlier diagnoses, but none of the differences were statistically 

significant. For DCIS, the point estimates were lower for the earlier diagnoses, 

statistically significantly so for the Cirrocumulus measure (P = 0.006).  

 

 

Figure 7-4 Receiver operating characteristic curves of the risk for DCIS for the 

various dense area measures from full-field digital mammograms. 
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For risk of invasive breast cancer versus DCIS, the strengths of 

association with disease diagnosed before age 50 years for the Cumulus, 

Altocumulus and Cirrocumulus measures were all statistically significant; OPERA 

= 1.31 (1.08 – 1.58), P = 0.006; 1.31 (1.08 – 1.59), P = 0.006 and 1.27 (1.08 – 

1.51), P = 0.005, respectively.  

None of these measures differentiated type of disease diagnosed at age 50 

years or older (all P > 0.3). For both the Cumulus and Altocumulus measures, the 

OPERAs for earlier diagnosed disease were greater (P = 0.006 and P = 0.02, 

respectively).  

 
 

Figure 7-5 Receiver operating characteristic curves for invasive breast cancer 
versus DCIS for various dense area measures.  
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Table 7.3. Estimates of OPERA and AUC for dense area as a predictor of invasive breast cancer and DCIS 

   Invasive vs. control   DCIS vs. control  Invasive vs. DCIS  
Cumulus  (cases=493) OR (95% CI)   (cases=283) OR (95% CI)  

 
OR (95% CI)  Pc 

  Q1= 77 ref  45 ref 
 

ref − 

  Q2= 70 0.87 (0.59−1.29)  50 1.25 (0.77−2.04) 
 

0.82 (0.49−1.37) 0.4 

  Q3= 135 1.62 (1.14−2.30)  81 2.16 (1.37−3.42) 
 

0.97 (0.62−1.54) 0.9 

  Q4= 211 2.63 (1.87−3.71)  107 2.77 (1.76−4.36) 
 

1.15 (0.75−1.78) 0.5 

  OPERAa 1.56 (1.38−1.75)  OPERA 1.51 (1.30−1.76) 
 

1.12 (0.98−1.29) 0.1 

  AUCb 0.70 (0.67−0.73)  AUCb 0.70 (0.66−0.73) 
 

0.52 (0.48−0.57) 0.2 
Altocumulus     

  
 

  Q1= 70 ref  50 ref 
 

ref − 

  Q2= 77 1.04 (0.71−1.53)  48 1.10 (0.69−1.74) 
 

1.15 (0.69−1.91) 0.6 

  Q3= 136 1.80 (1.26−2.59)  72 1.71 (1.09−2.68) 
 

1.35 (0.85−2.14) 0.2 

  Q4= 210 2.98 (2.10−4.25)  113 2.52 (1.63−3.90) 
 

1.33 (0.86−2.04) 0.2 

  OPERAa 1.58 (1.40−1.78)  OPERA 1.47 (1.26−1.71) 
 

1.12 (0.98−1.29) 0.1 

  AUCb 0.70 (0.67−0.73)  AUCb 0.69 (0.65−0.72) 
 

0.53 (0.49−0.57) 0.08 
Cirrocumulus     

  
 

  Q1= 69 ref  47 ref 
 

ref − 

  Q2= 71 0.98 (0.66−1.46)  46 0.99 (0.61−1.61) 
 

1.05 (0.62−1.78) 0.9 

  Q3= 104 1.41 (0.97−2.06)  70 1.55 (0.99−2.44) 
 

1.01 (0.63−1.63) 0.96 

  Q4= 249 3.76 (2.64−5.36)  120 2.62 (1.70−4.03) 
 

1.41 (0.92−2.17) 0.1 

  OPERAa 1.74 (1.53−1.96)  OPERA 1.47 (1.25−1.67) 
 

1.16 (1.03−1.32) 0.01 
   AUCb 0.73 (0.70−0.76)  AUCb 0.69 (0.65−0.73) 

 
0.55 (0.51−0.59) 0.03 

a Odds ratio per standard deviation adjusted for age and body mass index (CI = confidence interval); b AUCs refer to the area under the receiver operating characteristic curves for mammographic 
measurements after adjusting for age and body mass index. c P-value of the difference between invasive breast cancer and DCIS. Quartiles (Q1-Q4) defined by distribution of the MD adjusted 
for age and BMI). 
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Table 7.4. Estimates of OPERA and AUC in dense area for invasive breast cancer and DCIS by age group 

  Aged <50 Invasive vs. control     DCIS vs. control   Aged 50+ Invasive vs. control      DCIS vs. control  
Cumulus  (cases=298) OR (95% CI)  (cases=159) OR (95% CI) P (c)  (cases=195) OR (95% CI)  (cases=124) OR (95% CI) P c 

  Q1= 35 ref  28 ref   42 ref  17 ref  
  Q2= 49 1.17 (0.71−1.95)  34 1.08 (0.58−2.00)   21 0.53 (0.29−0.96)  16 1.24 (0.58−2.62)  
  Q3= 81 2.15 (1.33−3.47)  45 1.67 (0.91−3.04)   54 1.17 (0.72−1.90)  36 2.59 (1.34−4.99)  
  Q4= 133 3.46 (2.19−5.48)  52 1.63 (0.91−2.91)   78 1.86 (1.17−2.95)  55 4.07 (2.17−7.62)  

  OPERAa 1.63 (1.40−1.90)  OPERA 1.26 (1.03−1.54) 0.05  OPERA 1.42 (1.21−1.68)  OPERA 1.73 (1.40−2.13) 0.1 

  AUCb 0.71 (0.68−0.75)  AUC 0.65 (0.60−0.71) 0.06  AUC 0.67 (0.62−0.72)  AUC 0.72 (0.67−0.78) 0.1 
Altocumulus               
  Q1= 34 ref  31 ref   36 ref  19 ref  
  Q2= 49 1.23 (0.73−2.04)  31 0.98 (0.53−1.82)   28 0.76 (0.43−1.34)  17 1.18 (0.57−2.43)  
  Q3= 94 2.41 (1.50−3.87)  39 1.26 (0.69−2.29)   42 1.16 (0.69−1.95)  33 2.12 (1.11−4.04)  
  Q4= 121 3.27 (2.05−5.21)  58 1.64 (0.93−2.88)   89 2.25 (1.53−3.93)  55 3.64 (1.98−6.69)  

  OPERAa 1.61 (1.38−1.89)  OPERA 1.22 (1.00−1.49) 0.03  OPERA 1.47 (1.25−1.73)  OPERA 1.69 (1.37−2.07) 0.3 

  AUCb 0.71 (0.68−0.75)  AUC 0.64 (0.58−0.70) 0.03  AUC 0.68 (0.63−0.72)  AUC 0.72 (0.66−0.77) 0.3 
Cirrocumulus               
  Q1= 40 ref  30 ref   29 ref  17 ref  
  Q2= 47 1.00 (0.52−1.90)  24 0.66 (0.35−1.23)   24 0.66 (0.35−1.23)  22 0.99 (0.47−2.09)  
  Q3= 62 1.77 (0.98−3.18)  46 1.35 (0.77−2.37)   42 1.35 (0.77−2.37)  24 1.23 (0.59−2.57)  
  Q4= 149 2.09 (1.15−3.81)  59 3.26 (1.92−5.55)   100 3.26 (1.92−5.55)  61 3.31 (1.76−6.23)  

  OPERAa 1.68 (1.45−1.95)  OPERA 1.19 (0.98−1.44) 0.005  OPERA 1.71 (1.45−2.03)  OPERA 1.76 (1.43−2.17) 0.8 
    AUCb 0.72 (0.69−0.76)   AUC 0.64 (0.58−0.69) 0.01   AUC 0.72 (0.68−0.77)   AUC 0.73 (0.68−0.78) 0.9 

a Odds ratio per standard deviation adjusted for age and body mass index (CI = confidence interval); bAUCs refer to the area under the receiver operating characteristic curves for mammographic 
measurements after adjusting for age and body mass index; c P-value of the different between invasive and DCIS. Quartiles (Q1-Q4) of MD measure adjusted for age and BMI.  
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 Table 7.4 shows the results from fitting multiple measures together. For 

the risk of invasive breast cancer, when the Cumulus measure was fitted with the 

Altocumulus measure or the Cirrocumulus measure, the Cumulus estimate was 

reduced to be close to 1.0 and was not significant (all P > 0.5).  

 In contrast, the Cirrocumulus measure remained consistently and highly 

significantly associated with risk (P < 0.001) irrespective of which other measure 

was fitted. When the Cirrocumulus measure was fitted, neither the Altocumulus 

nor the Cumulus measure was associated with risk (P = 0.4).  

 Furthermore, when the Cumulus, Altocumulus and Cirrocumulus measures 

were fitted together, the Cirrocumulus estimate remained highly significant at 

1.64 (1.37−1.97, P < 0.001) and the other two estimates were not significant, 

being 0.95 (0.59−1.53, P = 0.8) for the Cumulus measure and 1.14 (0.69−1.86, 

P = 0.6) for the Altocumulus measure, respectively. 

For risk of DCIS, a different pattern of results was observed. The 

Cumulus measure remained at least marginally significantly associated with risk 

irrespective of which other measure was fitted (all P < 0.03). When the Cumulus 

measure was fitted, neither the Altocumulus nor the Cirrocumulus measure was 

associated with risk (P > 0.1).  

For risk of invasive breast cancer versus DCIS, the best differentiating 

measure was Cirrocumulus (all P < 0.08; Table 7.4).  
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Similar findings were found for percent density (data not shown). For 

invasive breast cancer, the best fitting model involved the Cirrocumulus measure 

alone with an OPERA of 1.64 (1.46–1.85, P < 0.001) and corresponding AUC of 

0.72 (0.69–0.75). For DCIS, the best fitting model involved Cumulus and the 

OPERA was 1.45 (1.24–1.70, P < 0.001) with corresponding AUC of 0.68 (0.65–

0.72). 

Table 7.5. Multiple mammographic density measures for dense area fitting 

together for invasive breast cancer versus control, DCIS versus control and 

invasive versus DCIS. 

Dense Area Invasive vs. control 
 

DCIS vs. control 

 

Invasive vs. DCIS 
 

Model 1a OR (95% CI) P 

 

OR (95% CI) P 

 

OR (95% CI) P 

 
Cumulus 1.03 (0.65−1.65) 0.9 

 
1.98 (1.08−3.63) 0.03 

 

0.71 (0.43−1.16) 0.2 

 
Altocumulus 1.53 (0.96−2.46) 0.08 

 
0.75 (0.41−1.38) 0.4 

 

1.57 (0.95−2.59) 0.08 

Model 2b 
     

  
 

 

Cumulus 1.06 (0.89−1.27) 0.5 
 

1.33 (1.07−1.65) 0.01 

 

0.96 (0.80−1.14) 0.6 

 

Cirrocumulus 1.66 (1.39−1.98) <0.001 

 

1.19 (0.97−1.46) 0.1 

 

1.20 (1.01−1.41) 0.03 

Model 3c 

 
 

  
 

  
 

 

Altocumulus 1.08 (0.90−1.30) 0.4 

 

1.25 (0.99−1.56) 0.06 

 

1.00 (0.83−1.21) 0.96 

 

Cirrocumulus 1.64 (1.37−1.97) <0.001 

 

1.23 (1.00−1.53) 0.06 

 

1.16 (0.98−1.38) 0.08 

Model 4d 

 
 

  
 

  
 

 

Cumulus 0.95 (0.59−1.53) 0.8 

 

2.01 (1.09−3.69) 0.03 

 

0.69 (0.42−1.14) 0.1 

 

Altocumulus 1.14 (0.69−1.86) 0.6 

 

0.63 (0.33−1.19) 0.2 

 

1.43 (0.86−2.38) 0.2 

 

Cirrocumulus 1.64 (1.37−1.97) <0.001 

 

1.24 (1.00−1.54) 0.05 

 

1.17 (0.99−1.38) 0.07 

a Cumulus and Altocumulus measures fitted together 
b Cumulus and Cirrocumulus measures fitted together 
c Altocumulus and Cirrocumulus measures fitted together 
d Cumulus, Altocumulus and Cirrocumulus measures fitted together 
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 In the analyses above, the measures were adjusted for age and log BMI. 

When I allowed for an interaction between age and log BMI, there was a 

significant interaction when comparing invasive cases with controls (P = 0.01), 

but not when comparing DCIS cases with controls (P = 0.9).      

 

7.4.  Discussion 

This study found that, while the conventional mammographic density 

measure (Cumulus) predicts invasive disease as well as it predicts DCIS, 

mammographic density measured at a higher pixel-brightness threshold 

(Cirrocumulus) better predicts invasive breast cancer. Previous studies of 

mammographic density as a predictor of DCIS have concluded that the strengths 

of associations were not different to what they were for invasive disease, and that 

this supported the hypothesis that the two diseases shared a common aetiology [251, 

254]. The findings of this study call those conclusions into question. 

Our study confirmed the previous observations when mammographic 

density was defined conventionally. But when mammographic density was 

measured at higher pixel-brightness thresholds, the risk associations for invasive 

breast cancer and DCIS were no longer the same. Mammographic density defined 

at a higher pixel-brightness threshold was a better predictor of invasive disease 

than it was of DCIS. This was more evident when for disease diagnosed before 
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age 50 years. The discrepancy in findings could be due to the average age at 

diagnosis of the most recent previous study (~63 years) [251] being much older than 

in this study (~49 years) in which more than 86% of the women were post-

menopausal.  

I also found that the Cirrocumulus measure differentiates invasive disease 

from DCIS overall. All of the mammographic density measures differentiated 

invasive disease from DCIS when the cases were diagnosed before age 50 years 

(P < 0.05). When cases were diagnosed at later ages, there was no evidence that 

the mammographic density measures differentiated type of disease. This is 

consistent with my finding that the strength of the risk estimates differed by age at 

diagnosis. 

The association of BMI with risk of invasive breast cancer increased with 

age at diagnosis. But for risk of DCIS, the association with BMI was constant 

with age at diagnosis. This is similar to the findings for the risks of screen-

detected and interval cancers using the Melbourne Collaborative Cohort Study; 

see Chapter 5. My interpretation there was that the mammographic determinants 

of screen-detected cancers were implicated in risk per se, while the determinants 

of interval cancers were a combination of those involved in masking as well as 

risk. This is also consistent with my finding there that Cirrocumulus was the best 

predictor of invasive cancer, whereas Cumulus was the best predictor of masking. 

Therefore, the mammographic determinants of DCIS have features in common 

with the predictors of masking of cancers.      
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Limitations of this study include not having extensive risk factor data for 

the cases; however, I only needed to adjust for the key potential confounders, age 

and BMI, and these variables were collected. There was no data on menopausal 

status, which meant it was not possible to dichotomise the data by that variable; 

however, I did have the age at diagnosis of cases and able to test if the 

associations differed in strength by age at diagnosis.  

All subjects in this study had their mammograms taken on machines from 

the same manufacturer: General Electric. In one of my previous studies of Korean 

women (see Chapter 5), I found that risk prediction of invasive cancer differed by 

manufacturer. (Note that in this study I have controlled for that important 

variable). The study found that discrimination of invasive breast cancer using 

General Electric machines was not as great as from using Hologic machines, 

especially when considering Altocumulus and Cirrocumulus. It would be of 

interest to study DCIS using Hologic machines to compare the discrimination of 

the different mammographic density measures with that found for invasive cancer 

in this study.   

Another limitation of this study is the reliance on subjective measures of 

mammographic density. Automated measurement of mammographic density 

defined by higher pixel-brightness thresholds would be advantageous because the 

measures would be available at the time of screening so that management and 

screening decisions could be made in real time.  
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7.5.  Conclusions 

Defining mammographic density at a higher pixel-brightness threshold 

better predicts invasive breast cancer for Korean women. The mammographic 

density and BMI measures that best predict DCIS are similar to those that predict 

interval cancers. As for interval cancers, DCIS is best predicted by percent 

mammographic density according to the conventional Cumulus definition.  

 

  

134 

 



 

Chapter 8. Combining and Comparing 

 

 

8.1.  Combining the results of the studies  

Figure 8-1 shows the different studies included in this thesis and the data 

sets used for the combined analyses. Note that the matching has been broken for 

the combined analyses, which are conducted using unconditional logistic 

regression. For the combined analyses, cases were selected if they were invasive 

and screen-detected. I used the estimation of OPERA (adjusted for age and BMI). 

Consequently, for Caucasian women from Australia, the analysis included 654 

cases and 1,759 controls (354 cases and 944 controls from the Australian Breast 

Cancer Family Study and the Australian Mammographic Density Twins and 

Sisters Study as well as 300 cases and 815 controls from the Melbourne 

Collaborative Cohort Study). For Asian women from Korea, the analysis included 

1,136 cases and 2,316 controls. This included 213 cases and 630 controls from the 

Samsung Medical Center’s Korean Breast Cancer Study Phase 1 from August 

2006 to December 2011 and 430 cases and 820 controls from the Korean Breast 

Cancer Study Phase 2 from January 2012 to August 2013, as well as493 cases and 

866 controls from the Asan Medical Center. All the analyses were conducted 

using unconditional logistic regression of transformed, standardised and age- and 

BMI-adjusted measures. 
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Figure 8-1 Flowchart of cases–control studies of invasive screen-detected breast cancer selected for combined analysis using estimation of odds 

per standard deviation (OPERA) adjusted for age and BMI; MCCS, Melbourne Collaborative Cohort Study; ABCFS, Australian Breast Cancer 

Family Study; AMDTSS, Australian Mammographic Density Twins & Sisters Study; KBCS, Korean Breast Cancer Study. 
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8.2.   Comparisons across multiple studies 

Breast cancer incidence rates vary greatly between countries and 

ethnicities. For Asian women, the age-standardised incidence rates per 100,000 

woman years for invasive breast cancer is estimated to be 30% lower than that for 

Northern American and European women [23, 24]. However, for Asian women, 

breast cancer incidence rates have been rising rapidly over the last few decades, 

and breast cancer is now one of the most common diseases and is the second 

leading cause of mortality [255-258]. There have been suggestions that the changing 

incidences have been due to birth cohort effects and adoption of Western lifestyle, 

including changes in BMI [259-263].   

Mammographic density is a biological marker for breast cancer 

susceptibility for both Asian and Western women, as confirmed by analyses in 

this thesis.  

All five analyses reported in this thesis considered invasive breast cancer, 

so the combined analysis focused on invasive breast cancer identified through 

mammography screening (Figure 8-1).The average mean age at diagnosis for 

breast cancer cases was 52.9 years for Caucasian women and 48.7 years for Asian 

women, (Table 8.1 and Figure 8-2). There were missing data for some risk 

factors (e.g., lifestyle, menstrual history, first-degree family history of breast 

cancer) and one Asian study (Asan Medical Center) obtained only age at 

mammogram and BMI. The proportion of cases diagnosed with breast cancer 
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before the age of 50 years was 60% for Asian women and 35% for Caucasian 

women.

 

Figure 8-2 Histogram (top) and boxplot (bottom) for age at mammogram for 

Asian women from Korea and Caucasian women from Australia. 
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Table 8.1. Characteristics of Caucasian and Asian women by case–control status 

  Caucasian   Asian  

  
Case  

(n = 654) 
Control  

(n = 1,759)  
Case  

(n = 1,136) 
Control  

(n = 2,316) 

  Mean (SD) Mean (SD)  Mean (SD) Mean (SD) 
Age (years)  52.9 (10.8) 53.0 (10.2)  48.7 (6.7) 49.6 (6.6) 
Body mass index (kg/cm2)  26.2 (5.0) 26.3 (5.0)  23.1 (3.0) 22.6 (2.8) 
Age at menarche (years, n=2,093)  − −  14.6 (1.7) 14.8 (1.6) 
Number of live births (n=3,485)  2.7 (1.1) 2.7 (1.0)  2.0 (0.7) 2.2 (0.8) 
       

  N (%) N (%)  N (%) N (%) 
Parous status       

Never  143 (22) 271 (15)  48 (4) 199 (9) 
Yes  511 (78) 1,488 (85)  595 (52) 1,251 (54) 
Missing  − −  493 (44) 866 (37) 

Menopausal status       
Pre  266 (41) 634 (36)  446 (39) 997 (43) 
Post  388 (59) 1,125 (64)  197 (17) 473 (20) 
Missing  − −  493 (44) 866 (37) 

Ever use HRT       
Never  456 (70) 1,244 (71)  594 (52) 1,245 (54) 
Ever  198 (30) 515 (29)  49 (4) 205 (9) 
Missing  − −  493 (44) 866 (37) 

Ever smoking       
Never  − −  594 (52) 1,374 (59) 
Ever  − −  49 (4) 76 (4) 
Missing  654 (100) 1,759 (100)  493 (44) 866 (37) 

Alcohol consumption       
Never  133 (20) 297 (17)  333 (29) 902 (39) 
Ever  167 (26) 518 (29)  310 (27) 548 (24) 
Missing  354 (54) 944 (54)  493 (44) 866 (37) 

Exercise       
Less regular  − −  431 (38) 1, 046 (46) 
Regular (90min/week)  − −  211 (18) 402 (17) 
Missing  654 (100) 1,759 (100)  493 (44) 866 (37) 

First degree relative with breast cancer       
No  497 (76) 1,366 (78)  583 (51) 1,397 (61) 
Yes  157 (24) 293 (22)  60 (5) 51 (2) 
Missing 

 
− − 

 
493 (44) 866 (37) 

SD, standard deviation; HRT, hormone replacement therapy. 
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 Table 8.2 shows that the mean dense areas for Cumulus, Altocumulus and 

Cirrocumulus for were 30.9 cm2, 17.5 cm2 and 4.0 cm2 for Caucasian cases and 

27.2 cm2, 13.7 cm2 and 2.0 cm2 for Asian cases, respectively. For percent density, 

the corresponding measures were 25.9%, 15.6% and 4.0% for Caucasian cases 

and 26.2%, 13.4% and 2.0% for Asian cases. The Cumulus percent density 

measures were greater for Asian women, despite them being at lower risk, and 

this has been referred to as a paradox. When viewed in terms of Altocumulus and 

Cirrocumulus, both as dense area and as percent area, the mammographic density 

measures are higher for Caucasian cases than Asian cases. The same applies to 

controls.   

Table 8.2. Mammographic density measures for Caucasian women and Asian 

women by case–control status. 

 Caucasians from Australia  Asians from Korea 

 
Case  

(n = 654) 
Control  

(n = 1,759)  
Case  

(n = 1,136) 
Control  

(n = 2,316) 

 Mean (SD) Mean (SD)  Mean (SD) Mean (SD) 

      
Mammographic Measurements     
Cumulus      
   Dense area (cm2) 30.9 (22.4) 23.8 (17.5) 

 
27.2 (18.5) 20.6 (14.2) 

   Percent density 25.9 (17.7) 21.0 (15.4) 
 

26.2 (15.5) 22.0 (13.4) 

      
Altocumulus      
   Dense area (cm2) 17.5 (15.4) 12.9 (11.8) 

 
13.7 (11.4) 10.1 (8.3) 

   Percent density 15.6 (14.0) 12.1 (11.7) 
 

13.4 (9.8) 11.0 (8.2) 

      
Cirrocumulus      
   Dense area (cm2) 4.0 (4.8) 2.9 (4.0) 

 
2.0 (2.1) 1.5 (1.7) 

   Percent density 4.0 (4.8) 2.9 (4.0) 
 

2.0 (2.1) 1.5 (1.7) 

SD, standard deviation 
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 For the combined analysis of invasive screen-detected breast cancers, I 

found that, for both Caucasian and Asian women, breast cancer risk was 

associated with mammographic density whether defined by the conventional 

approach (Cumulus) or at higher pixel-brightness thresholds (Altocumulus or 

Cirrocumulus) (Table 8.3). Defining mammographic density at higher pixel-

brightness thresholds gave better risk gradients. For Caucasian women, the 

estimated OPERA was 1.44 for the Cumulus measure but 1.48 for mammographic 

density measured using Cirrocumulus (P = 0.7). For Asian women, the 

corresponding OPERA estimates increased from 1.41 to 1.64 (P = 0.006).  

Table 8.3 also shows that, when fitted together, there was no evidence that 

the Cumulus measure provided extra information on risk for invasive screen-

detected breast cancer for Caucasian and Asian women. This suggests that the true 

risk for breast cancer lies in the relatively denser region at measured higher 

pixel0brightness thresholds.  

This is similar to the findings in Chapters 3 to Chapter 7.  
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Table 8.3. For the combined invasive screen-detected breast cancers, estimates of 
OPERA adjusted for age, study, and BMI from fitting univariate and multivariate 
mammographic density measures. 

Dense area Caucasian women from Australia   Asian women from Korea  
Cumulus cases (n) Controls (n) OR (95% CI) P  cases (n) Controls (n) OR (95% CI) P 

Q1 105 440 –   184 580 –  
Q2 135 440 1.29 (0.96–1.71) 0.09  213 578 1.16 (0.93–1.46) 0.2 

Q3 159 440 1.52 (1.15–2.00) 0.004  308 580 1.66 (1.34–2.07) <0.001 

Q4 255 439 2.44 (1.87–3.17) <0.001  431 578 2.32 (1.88–2.86) <0.001 

OPERA 654 1,759 1.44 (1.32–1.58) <0.001  1,136 2,316 1.41 (1.32–1.52) <0.001 

AUCs   0.64 (0.62–0.67)     0.66 (0.65–0.68)  
Altocumulus          

Q1 101 440    181 580   
Q2 122 440 1.21 (0.90–1.62) 0.2  191 578 1.06 (0.84–1.34) 0.6 

Q3 162 440 1.61 (1.21–2.13) 0.001  309 580 1.70 (1.37–2.11) <0.001 

Q4 269 439 2.67 (2.05–3.48) <0.001  455 578 2.50 (2.03–3.07) <0.001 

OPERA 654 1,759 1.48 (1.35–1.62) <0.001  1,136 2,316 1.48 (1.35–1.62) <0.001 

AUCs   0.65 (0.63–0.68)     0.68 (0.66–0.70)  
Cirrocumulus          

Q1 86 440    166 580   
Q2 132 440 1.53 (1.13–2.08) 0.005  201 578 1.22 (0.96–1.54) 0.1 

Q3 173 440 2.01 (2.32–4.05) <0.001  237 580 1.43 (1.14–1.80) 0.002 

Q4 263 439 3.07 (2.32–4.05) <0.001  532 578 3.17 (2.57–3.91) <0.001 

OPERA 654 1,759 1.48 (1.35–1.62) <0.001  1,136 2,316 1.64 (1.53–1.75) <0.001 

AUCs   0.65 (0.63–0.68)     0.71 (0.69–0.73)  
 

Multivariate mammographic density fitting together 

 

Model 1   OR (95% CI) P    OR (95% CI) P 

 Cumulus  1.09 (0.89–1.33) 0.4    0.90 (0.75–1.08) 0.3 

 Altocumulus 1.37 (1.13–1.68) 0.002    1.64 (1.36–1.97) <0.001 

Model 2          

 Cumulus  1.18 (1.01–1.36) 0.03    0.99 (0.90–1.10) 0.9 

 Cirrocumulus 1.29 (1.11–1.50) <0.001    1.65 (1.49–1.82) <0.001 

Model 3          

 Altocumulus 1.26 (1.08–1.48) 0.004    1.06 (0.96–1.18) 0.2 

 Cirrocumulus 1.22 (1.04–1.43) 0.02    1.57 (1.42–1.74) <0.001 

Model 4          

 Cumulus  1.03 (0.84–1.26) 0.8    0.82 (0.68–0.99) 0.04 

 Altocumulus 1.24 (0.99–1.54) 0.06    1.27 (1.04–1.54) 0.02 

 Cirrocumulus 1.21 (1.03–1.43) 0.02    1.59 (1.44–1.76) <0.001 
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8.2.1  Age and age at diagnosis  

 Table 8.3 shows that, overall, the OPERA for the Cumulus measures was 

a little higher for Caucasian women (1.44, 95% CI 1.32–1.58) compared with 

Korean women (1.41, 1.32–1.52), but the difference was not statistically 

significant (Pdiffer = 0.7). Similar results were obtained for the Altocumulus 

measures (Pdiffer = 0.9). However, for the Cirrocumulus measures, the OPERA of 

1.63 for Korean women was marginally higher than the OPERA of 1.48 for 

Australian women (Pdiffer = 0.07). One possible explanation is that the age at 

diagnosis for Korean women (48.7 years [SD = 6.7]) was earlier than for the 

Australian women (52.9 years [SD = 10.8]). Age at diagnosis could also be 

important because younger woman have greater mammographic density.   

 The relationship between the conventional Cumulus measure of 

mammographic density and age is different for Caucasian women than for Asian 

women (Figure 8-3). For Caucasian women, the transformed Cumulus measure 

was higher for the breast cancer cases compared with the controls, and the 

difference reduced with increasing age. The lowess smoothed curves start to 

plateau for ages older than 60 years. On the another hand, for Asian women, the 

transformed Cumulus measure was slightly higher for the cases than controls, but 

the lowess smoothed curves start decreasing with increasing age at  around 45 

years and does not appear to plateau. This might not reflect changes with age 

alone because it could also be a consequence of confounding with year of birth. 

This applied to both dense area and percent dense area, although the change with 
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age was more pronounced for percent dense area. For the Altocumulus and 

Cirrocumulus measures, the changes with age are much less pronounced.  

 

 

Figure 8-3 For Asian and Caucasian women, transformed mammographic density 

measures (Cumulus, Altocumulus and Cirrocumulus) for dense area (top) and 

percent density (bottom) and for women with and without breast cancer: fitted line 

and lowess smoothed curves between mammographic density measures and age 

diagnosis. 
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Table 8.4. Age at diagnosis: Estimates and statistical significance of OPERA 

from fitting univariate and multivariate mammographic density measures 

  Early onset (<50 years)  Later onset (50+ years) 

  Caucasian  Asian  Caucasian  Asian 

  OR (95% CI)  OR (95% CI)  OR (95% CI)  OR (95% CI) 
Univariate        

 Cumulus 1.54 (1.30−1.82)  1.43 (1.30−1.58)  1.41 (1.26−1.56)  1.41 (1.27−1.57) 

 Altocumulus 1.56 (1.32−1.84)  1.50 (1.36−1.65)  1.45 (1.30−1.61)  1.47 (1.32−1.64) 

 Cirrocumulus 1.57 (1.34−1.85)  1.72 (1.56−1.89)  1.44 (1.29−1.60)  1.55 (1.39−1.72) 
        
Multivariate        
Model 1        
 Cumulus 1.11 (0.76−1.60)  0.83 (0.64−1.08)  1.11 (0.87−1.42)  0.90 (0.66−1.21) 

 Altocumulus 1.43 (1.00−2.04)  1.78 (1.36−2.31)  1.30 (1.01−1.66)  1.65 (1.22−2.23) 
Model 2        
 Cumulus 1.21 (0.95−1.55)  0.95 (0.83−1.09)  1.19 (0.98−1.43)  1.04 (0.89−1.21) 

 Cirrocumulus 1.38 (1.09−1.74)  1.76 (1.54−2.00)  1.24 (1.02−1.51)  1.50 (1.29−1.74) 
Model 3        
 Altocumulus 1.26 (0.96−1.64)  1.01 (0.88−1.17)  1.28 (1.05−1.55)  1.13 (0.97−1.32) 

 Cirrocumulus 1.31 (1.00−1.72)  1.69 (1.47−1.94)  1.17 (0.96−1.42)  1.41 (1.21−1.64) 
Model 4        

 Cumulus 1.09 (0.75−1.58)  0.79 (0.61−1.03)  1.03 (0.80−1.32)  0.81 (0.61−1.08) 

 Altocumulus 1.17 (0.78−1.76)  1.25 (0.95−1.65)  1.25 (0.97−1.62)  1.35 (1.01−1.81) 

 Cirrocumulus 1.31 (1.00−1.71)  1.70 (1.48−1.95)  1.16 (0.94−1.43)  1.44 (1.23−1.68) 

Model 1:  Cumulus and Altocumulus measures fitted together 

Model 2:   Cumulus and Cirrocumulus measures fitted together 

Model 3:   Altocumulus and Cirrocumulus measures fitted together 

Model 4:   Cumulus, Altocumulus and Cirrocumulus measures fitted together 

  

 When accounting for age and age at diagnosis, Table 8.4 shows that, for 

Caucasian women, the OPERA estimates were greater for earlier age at diagnosis 

(before age 50 years), although none of these differences were statistically 

significant (all P > 0.4). For Asian women, the OPERA estimates were the same 
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except for Cirrocumulus, which was greater for earlier age at diagnosis although 

not statistically significant (P = 0.2). When all the density measures (Cumulus, 

Altocumulus and Cirrocumulus) were fitted together in multivariate analyses, the 

Cumulus measures were close to 1 and not significant for all ages at diagnosis and 

ethnicities. When fitted with the Cumulus measure, both the Altocumulus and 

Cirrocumulus measures remained statistically significant. When the Altocumulus 

and Cirrocumulus measures were fitted with each other, the OPERA for the 

Cirrocumulus measure was greater than the OPERA for the Altocumulus measure, 

except for later age at diagnosis and for Caucasian women. 

 

8.2.2   Body mass index  

Figure 8-4 and Figure 8-5 show that the mammographic density measures 

depend on BMI, especially the percent density measures. This is consistent with 

the findings of Nguyen et al. [73] that, for Australian women, the variances 

explained by BMI were ~14% for percent dense area and ~1% for dense area, 

compared with the 7% and 4%, respectively, of the variances explained by age.  

For dense area, the association between the transformed Cumulus measure 

of mammographic density and BMI is different for Caucasian women and Asian 

women (Figure 8-4 and Figure 8-5). For Caucasian women, the gap between 

those with and without breast cancer was more evident for women whose BMI 

was not high. For women with high BMI, the difference between the fitted and 

smoothed lines suggests that there are some cases with high density. In contrast, 
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for Asian women the gap between those with and without breast cancer was more 

evident for women whose BMI was high, especially given the smaller body size 

of Asian women in this age range. Similar observations apply to the Altocumulus 

measure, although they are less pronounced. For Cirrocumulus, there was little 

evidence that the difference in dense area between women with and without breast 

cancer depended on BMI.  

Similar findings were observed for percent density. However, the changes 

in density measures with BMI were much steeper, especially for Cumulus. 

 

 

Figure 8-4 For Asian and Caucasian women, transformed mammographic density 

measures (Cumulus, Altocumulus and Cirrocumulus) for dense area for women with and 

without breast cancer: fitted line and lowess smoothed curves between mammographic 

density measures and body mass index. 
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Figure 8-5 For Asian and Caucasian women, transformed mammographic density 

measures (Cumulus, Altocumulus and Cirrocumulus) for percent density for women with 

and without breast cancer: fitted line and lowess smoothed curves between 

mammographic density measures and body mass index. 

 

 The interpretation of the conventional Cumulus measure of 

mammographic density as a biomarker of breast cancer risk is complicated by its 

strong negative association with BMI, especially when using percent density. The 

higher pixel-brightness threshold measures, Altocumulus and Cirrocumulus, 

appear to be less confounded with BMI, both in terms of their mean values and in 

their association with breast cancer risk. 
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 Table 8.5 shows that, for Asian women, the risk associations did not differ 

between the two BMI groups defined by the 25 kg/m2 cut-point. In contrast, for 

Australian women, Cumulus appeared to be a better predictor for women with 

BMI <25 kg/m2, while Altocumulus and Cirrocumulus were better predictors for 

women with BMI > 25 kg/m2. 

Table 8.5. Estimates and statistical significance of OPERA by category of body mass 

index from fitting univariate and multivariate mammographic density measures 

  
BMI < 25 (kg/m2)  BMI  ≥ 25 (kg/m2) 

  Australian  Asian  Australian  Asian 

  OR (95% CI)  OR (95% CI)  OR (95% CI)  OR (95% CI) 
Univariate        
 Cumulus 1.67 (1.43−1.95)  1.40 (1.29−1.53)  1.33 (1.19−1.49)  1.46 (1.26−1.69) 

 Altocumulus 1.64 (1.41−1.91)  1.45 (1.34−1.58)  1.39 (1.24−1.56)  1.57 (1.36−1.82) 

 Cirrocumulus 1.58 (1.36−1.84)  1.62 (1.50−1.76)  1.42 (1.26−1.59)  1.66 (1.44−1.93) 
        
Multivariate        
Model 1        
 Cumulus 1.35 (0.97−1.89)  0.97 (0.79−1.19)  0.98 (0.77−1.25)  0.67 (0.44−1.03) 

 Altocumulus 1.26 (0.90−1.75)  1.50 (1.22−1.84)  1.42 (1.11−1.82)  2.28 (1.48−3.51) 

         
Model 2        
 Cumulus 1.46 (1.16−1.84)  0.99 (0.88−1.11)  1.02 (0.84−1.24)  1.00 (0.81−1.23) 

 Cirrocumulus 1.19 (0.95−1.50)  1.64 (1.47−1.83)  1.39 (1.14−1.70)  1.66 (1.35−2.05) 

         
Model 3        
 Altocumulus 1.45 (1.13−1.85)  1.03 (0.92−1.16)  1.15 (0.93−1.41)  1.15 (0.92−1.43) 

 Cirrocumulus 1.17 (0.92−1.51)  1.58 (1.41−1.78)  1.26 (1.02−1.55)  1.50 (1.21−1.87) 

         
Model 4        
 Cumulus 1.32 (0.94−1.85)  0.87 (0.71−1.08)  0.89 (0.68−1.15)  0.62 (0.40−0.95) 

 Altocumulus 1.16 (0.80−1.67)  1.16 (0.94−1.44)  1.25 (0.95−1.64)  1.78 (1.13−2.80) 

 Cirrocumulus 1.14 (0.89-1.47)  1.60 (1.42−1.79)  1.30 (1.05−1.61)  1.53 (1.24−1.91) 
Model 1:  Cumulus and Altocumulus measures fitted together 
Model 2:   Cumulus and Cirrocumulus measures fitted together 
Model 3:   Altocumulus and Cirrocumulus measures fitted together 
Model 4:   Cumulus, Altocumulus and Cirrocumulus measures fitted together 
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Table 8.6 shows that, in general, the Cumulus measures are not significant 

when the higher threshold measures Altocumulus and Cirrocumulus are also fitted 

in the model. The outlier is the risk of late-onset disease in Australian women 

with low BMI, for which the conventional Cumulus measure appears to be the 

best predictor.   

 

 After adjusting factors for Cirrocumulus (Table 8.7), the interaction of 

mammographic density association by age, BMI and ethnicity were 0.991 

(0.984−0.998, P =0.02), 1.134 (0.771−1.668, P =0.5) and 0.931 (0.817−1.062, P 

=0.3), respectively. 

 

 Similar results were obtained for percent density (data not shown). When 

the different density measures for percent density were fitted together, there was 

no evidence that Cumulus added information on risk, OPERA = 0.981 (95% CI: 

0.859−1.119, P = 0.8) as well as the Altocumulus measure, OPERA = 1.107 (95% 

CI: 0.966−1.270, P = 0.1). When information on risk comes from the amount or 

percentage of the breast tissue above the higher pixel-brightness thresholds, for 

example, for Cirrocumulus OPERA = 1.438 (95% CI: 1.329−1.555, P < 0.001).  
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Table 8.6. Estimates and statistical significance of OPERA by category of body mass index from fitting univariate and multivariate mammographic density 
measures for different age at diagnosis and ethnicity. 

  Body mass index <25 (kg/cm2)  Body mass index: 25+ (kg/cm2) 

  Early onset (<50 years)  Later onset (50+ years)  Early onset (<50 years)  Later onset (50+ years) 

  Australian  Asian  Australian  Asian  Australian  Asian  Australian  Asian 

  OR (95% CI)  OR (95% CI)  OR (95% CI)  OR (95% CI)  OR (95% CI)  OR (95% CI)  OR (95% CI)  OR (95% CI) 

                 

 Cumulus 1.68 (1.30–2.16)  1.46 (1.30–1.63)  1.70 (1.39–2.07)  1.38 (1.21–1.56)  1.42 (1.12–1.81)  1.31 (1.05–1.64)  1.28 (1.12–1.45)  1.55 (1.26–1.91) 

 Altocumulus 1.68 (1.32–2.14)  1.52 (1.35–1.70)  1.64 (1.34–2.00)  1.41 (1.24–1.61)  1.40 (1.11–1.77)  1.44 (1.15–1.82)  1.35 (1.18–1.54)  1.70 (1.36–2.05) 

 Cirrocumulus 1.74 (1.35–2.23)  1.71 (1.53–1.91)  1.56 (1.28–1.90)  1.51 (1.33–1.72)  1.46 (1.16–1.83)  1.76 (1.38–2.24)  1.35 (1.18–1.55)  1.65 (1.35–2.01) 

                 
Model 1                

 Cumulus 1.15 (0.66–1.99)  0.95 (0.71–1.26)  1.58 (1.01–2.46)  1.01 (0.73–1.40)  1.22 (0.72–2.08)  0.40 (0.18–0.90)  0.95 (0.72–1.25)  0.73 (0.42–1.28) 

 Altocumulus 1.50 (0.89–2.52)  1.59 (1.20–2.12)  1.09 (0.70–1.69)  1.41 (1.01–1.96)  1.18 (0.70–1.98)  3.52 (1.53–8.09)  1.41 (1.06–1.88)  2.22 (1.27–3.88) 

Model 2                

 Cumulus 1.29 (0.92–1.82)  0.99 (0.85–1.15)  1.62 (1.17–2.26)  1.04 (0.87–1.25)  1.12 (0.77–1.63)  0.81 (0.59–1.12)  1.00 (0.79–1.26)  1.10 (0.81–1.50) 

 Cirrocumulus 1.47 (1.05–2.05)  1.72 (1.49–1.99)  1.05 (0.76–1.46)  1.47 (1.23–1.76)  1.34 (0.94–1.90)  2.04 (1.46–2.84)  1.36 (1.06–1.74)  1.54 (1.15–2.06) 

Model 3                

 Altocumulus 1.33 (0.93–1.89)  1.03 (0.88–1.21)  1.50 (1.05–2.15)  1.09 (0.91–1.31)  1.04 (0.67–1.61)  0.91 (0.65–1.28)  1.17 (0.92–1.48)  1.31 (0.97–1.78) 

 Cirrocumulus 1.40 (0.96–2.02)  1.68 (1.44–1.96)  1.09 (0.78–1.59)  1.42 (1.28–1.70)  1.41 (0.92–2.16)  1.89 (1.33–2.67)  1.19 (0.94–1.51)  1.36 (1.01–1.82) 

Model 4                

 Cumulus 1.13 (0.65–1.96)  0.89 (0.67–1.19)  1.56 (0.99–2.46)  0.89 (0.64–1.25)  1.21 (0.70–2.09)  0.43 (0.18–0.99)  0.85 (0.62–1.15)  0.64 (0.36–1.14) 

 Altocumulus 1.20 (0.67–2.13)  1.14 (0.84–1.53)  1.06 (0.64–1.75)  1.20 (0.85–1.66)  0.88 (0.47–1.67)  2.12 (0.86–5.20)  1.30 (0.95–1.76)  1.91 (1.08–3.39) 

 Cirrocumulus 1.39 (0.96–2.02)  1.69 (1.45–1.97)  1.03 (0.72–1.49)  1.44 (1.19–1.73)  1.40 (0.91–2.15)  1.85 (1.30–2.63)  1.26 (0.97–1.64)  1.42 (1.07–1.92) 
Model 1: Cumulus and Altocumulus measures fitted together; Model 2: Cumulus and Cirrocumulus measures fitted together; Model 3: Altocumulus and Cirrocumulus measures fitted together; 
Model 4: Cumulus, Altocumulus and Cirrocumulus measures fitted together 

155 

 



 

Table 8.7. Estimates and statistical significance of OPERA from fitting mammographic density measures for dense area by age at diagnosis, log 
of body mass index and ethnicity. 

 
Cumulus 

  
Altocumulus 

  
Cirrocumulus 

 

 
OPERA (95% CI) P 

 
OPERA (95% CI) P 

 
OPERA (95% CI) P 

MD 1.345 (1.131−1.600) 0.001 
 

1.443 (1.214−1.716) <0.001 
 

1.700 (1.430−2.020) <0.001 

MD by agea 0.996 (0.990−1.003) 0.3 
 

0.995 (0.988−1.002) 0.2 
 

0.991 (0.984−0.998) 0.02 

MD by BMIb 0.883 (0.611−1.276) 0.5 
 

1.086 (0.741−1.592) 0.7 
 

1.134 (0.771−1.668) 0.5 

MD by ethnicityc 1.064 (0.932−1.215) 0.4 
 

1.010 (0.886−1.152) 0.9 
 

0.931 (0.817−1.062) 0.3 

 
        

Multivariated         

Model 1 OPERA (95% CI) P 
 

OPERA (95% CI) P 
 

OPERA (95% CI) P 

MD 0.902 (0.784−1.038) 0.2 
 

1.219 (1.053−1.411) 0.008 
 

1.467 (1.345−1.600) <0.001 

MD by Age - - 
 

- - 
 

0.991 (0.984−0.998) 0.007 

Model 2 
        

MD 1.050 (0.966−1.142) 0.3 
 

- - 
 

1.525 (1.405−1.655) <0.001 

MD by Age - - 
 

- - 
 

0.991 (0.984−0.997) 0.006 

Model 3 
        

MD - - 
 

1.118 (1.025−1.220) 0.01 
 

1.453 (1.334−1.584) <0.001 

MD by Age - - 
 

- - 
 0.991 (0.983−0.997) 0.005 

MD: mammographic density; BMI: body mass index; a mammographic density by age at diagnosis (<50 vs 50+ years); b mammographic density by BMI (<25 
vs 25+ kg/cm2); c mammographic density by ethnicity (Asian vs Caucasian women); d mammographic density measures fitted together adjusted for age, log of 
BMI and study (categorical). 
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8.2.3   Digital mammography: Hologic versus General Electric 

manufacturers  

 Most evidence from studies using screen-film mammography shows that 

increased mammographic density increases breast cancer risk [64, 69, 84, 122, 195]. 

However, full-field digital mammography is now rapidly replacing traditional 

screen-film mammography worldwide [204, 264-266]. There are several advantages to 

using digital mammography, especially when using CUMULUS. It is cost-

effective due to shorter labour-intensive time required for measuring 

mammographic density. With digital mammography, there is no need for the 

digitisation required for using screen-film mammography and there is no 

additional cost of purchasing digitiser.  

 For young women with highly dense breast, full-field digital 

mammography is likely to improve accuracy and sensitivity for breast cancer 

detection due to improved resolution and higher contrast [187, 188, 267]. Other studies 

found that with digital mammography, there is a higher recall rate and lower 

positive predictive value compared with screen-film mammography [252, 268, 269]. In 

contrast, some studies found a higher positive predictive value for fuill-field 

digital mammography compared with screen-film mammography [183, 184]. To date, 

only a few studies have looked at the relationship between mammographic density 

and breast cancer risk by digital mammography manufacturers [270, 271]. 
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  For this section, I combined data from three studies of Asian women from 

Korea : Samsung Medical Center’s Korean Breast Cancer Study Phase 1 (from 

2006 to 2011) and Phase 2 (from 2012 to 2013) and the Asan Medical Center 

study, which has mammograms taken with machines from both manufacturers 

(General Electric and Hologic).  

 After combining data form both digital mammography manufacturers 

(General Electric and Hologic), Figure 8-6 shows the receiver operating 

characteristic curves for the Cumulus, Altocumulus and Cirrocumulus measures. 

The best fitting model was that for the Cirrocumulus measures, with the AUC of 

0.71 (95% CI: 0.69−0.73) being statistically significantly higher compared with 

the Altocumulus measures 0.68 (95% CI: 0.66−0.70; P-value for the Delong-test 

[272] of the difference in the AUCs was Pdiffer < 0.001, λ2 = 27.04] and Cumulus 

measures 0.66 (95% CI: 0.65−0.68, Pdiffer < 0.001, λ2 = 46.01). Figure 8.5 also 

shows that the AUCs for the Altocumulus measure were statistically significantly 

higher compared with the Cumulus measures (Pdiffer < 0.001, λ2 = 20.96). 
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Figure 8-6 Receiver operating characteristic curve and area under the curve for 

breast cancer risk predicted from full-field digital mammograms from the Hologic 

and General Electric manufacturers for the Cumulus measures (magenta), 

Altocumulus measures (blue) and Cirrocumulus measures (dark navy).  

 When separating by digital mammography manufacturer, Table 8.8 shows 

that, for the Cumulus measure, the OPERA was 1.61 (95% CI: 1.34−1.92) for the 

Hologic manufacturer and 1.36 (1.26−1.47) for the General Electric manufacturers 

although not statistically significant (P = 0.1). However, for Altocumulus 

measures and Cirrocumulus measures, the corresponding OPERAs of 1.93 

(1.60−2.33) and 2.58 (2.14−3.11) for Hologic were statistical significant higher 
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than the OPERA of 1.39 (1.28−1.50) and 1.48 (1.36−1.60) for General Electric 

(Pdiffer = 0.002 and <0.001, respectively). 

Table 8.8. Estimates of OPERA, 95% confidence intervals in dense area adjusting 

for age, log of body mass index by digital mammography manufacturers: Hologic 

and General Electric 

    Hologic   General Electric      

  

 (cases=264,  

controls=673)  

 (cases=872,  

controls=1,643)   

Dense area OR (95% CI)   OR (95% CI) 
 

Pdiffer 

 
Cumulus 1.61 (1.34−1.92) 

 
1.36 (1.26−1.47) 

 
0.1 

 
Altocumulus 1.93 (1.60−2.33) 

 
1.39 (1.28−1.50) 

 
0.002 

  Cirrocumulus 2.58 (2.14−3.11)   1.48 (1.36−1.60)   <0.001 

 

  

 Similar with the OPERA, for Hologic manufacturer (Figure 8-7), the best 

fitting model in dense area was Cirrocumulus measures with the AUCs 0.76 

(0.72−0.80) statistical significant higher compared to Altocumulus measures 0.69 

(0.65−0.72; P < 0.001, λ2 = 25.92) and Cumulus measures 0.64 (0.60−0.68, 

P < 0.001, λ2 = 57.80). Moreover, the AUCs of Altocumulus measures statistical 

significant higher compared to Cumulus measures (P < 0.001, λ2 = 32.92). 
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Figure 8-7 Receiver operating characteristic curve and area under the curve for the Hologic 
manufacturer with Cumulus measures (magenta), Altocumulus measures ( blue) and Cirrocumulus 
measures (dark navy).  

 

 

Figure 8-8 Receiver operating characteristic curve and area under the curve for the General 
Electric manufacturer for Cumulus measures (magenta), Altocumulus measures (blue) and 
Cirrocumulus measures ( dark navy). 
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However, for the General Electric manufacturer (Figure 8-8), in dense 

area only Cirrocumulus measures with the AUCs 0.69 (0.67−0.71) statistically 

significantly higher compared to Altocumulus measures 0.67 (0.65−0.70; Pdiffer = 

0.005, λ2 = 7.73) and Cumulus measures 0.67 (0.65−0.69, Pdiffer = 0.002, λ2 = 

9.65). The AUCs of Altocumulus measures was the same compared to the AUCs 

of Cumulus measures (Pdiffer = 0.2, λ2 = 1.36). 
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Chapter 9. Conclusions and future work 

 

9.1. Conclusions 

 Multiple studies have shown that, after adjusting for age and BMI, the 

conventional Cumulus measure of mammographic density predicts breast cancer 

risk. It is important to adjust for age and BMI when considering mammographic 

density – either as absolute dense area or percent density – as a breast cancer risk 

factor.  

 In this thesis, using the computer-assisted semi-automated program 

CUMULUS, I have found that mammographic density defined by the higher 

pixel-brightness thresholds Altocumulus and Cirrocumulus is a stronger risk factor 

for breast cancer risk than the conventional Cumulus measure for both Caucasian 

women from Australia (Chapter 3 and Chapter 6) and for Asian women from 

Korea (Chapter 4, Chapter 5 and Chapter 7). These new mammographic 

density measures are the strongest known risk factors for breast cancer risk in 

terms of differentiating women with the disease from those without the disease. 

 A great challenge for my thesis has been the measurement of 

mammography density at the different pixel-brightness thresholds. By doing the 

measurements myself, and by carefully training other measurers, we have 
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achieved high repeatability in measuring mammographic density at different 

pixel-brightness thresholds in multiple studies, using both screen-film and full-

field digital images, and for both Asian and Caucasian women (see Chapters 3 to 

7). The high repeatability was achieved both within and between measurers. 

Although the different measurers are not necessarily measuring exactly the same 

thing, for a given measure (Cumulus, Altocumulus or Cirrocumulus), the rankings 

of women have been very similar.  

I also conducted studies using two different approaches to the Cumulus, 

Altocumulus and Cirrocumulus measures of mammographic density: (i) blinded to 

the measurer’s previous measurements of Cumulus, Altocumulus or Cirrocumulus 

for the mammogram (as in Chapters 3 to 6) and (ii) not blinded to the previous 

measurements for that mammogram (as in Chapter 7). (Measurers were, of 

course, blinded to each other’s measurements as well as case–control status.) For 

the second methodology, the measurer first measured mammographic density 

using the conventional Cumulus definition. Then, for the Altocumulus measure, 

the measurer identified the mammographically dense regions within the 

previously identified Cumulus regions. For the Cirrocumulus measure, the 

measurers identified the mammographically dense regions within the previously 

identified Altocumulus regions. 

 When fitting the OPERA measures of Altocumulus or Cirrocumulus 

together with Cumulus, the risk association with the Cumulus measure almost 

always attenuated towards the null, and the OPERA for the Cumulus measures 
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was often no longer statistically significant (see Chapters 3 to 7). That is, the 

information on risk that comes from the Cumulus measure is actually from the 

mammographic density contained in the higher threshold regions.  

With the new mammographic density measures (Altocumulus and 

Cirrocumulus), I found that the results are consistent across different ethnicities 

(Caucasian and Asian) and across study designs (nested case–control from a 

cohort and case–control). These findings have a global impact, especially given 

there is an increasing incidence of breast cancer for women living in developing 

countries, including Asian countries (see Chapters 4, 5 and 7). This is possibly 

due to the adoption of a more Western lifestyle, especially for younger women, 

that includes having fewer children and later age of first pregnancy. Given the 

absolute size of Asian populations, their increasing development and the 

increasing migration of Asian women to Western countries, the world is facing an 

epidemic of breast cancer of far greater consequence than was seen last century. It 

is therefore essential that cancer control measures be sought and implemented. 

The new measures of mammographic density in my thesis could make a 

contribution to this because they are stronger risk predictors in a population sense 

than all the known genetic risk factors (see Chapter 5) and do not require expert 

radiologists to measure them well, just trained technicians (see Chapter 3 to 7). 

My findings could also be an important step in trying to identify Asian 

women at increased risk of breast cancer to allow for personalised 

recommendations on screening and risk reduction. Family history of breast 
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cancer, which has been one of the main indicators of risk for Western women, is 

far less useful for Asian women given the low lifetime risk in previous 

generations that is compounded by the complex issues around knowing of, let 

alone verifying, breast cancers in relatives.  

I also found consistent results for screen-film mammography and full-

field digital mammography. Digital mammography is becoming widely used 

worldwide, and more research is required to work out which threshold is optimal, 

and for which machines. 

A striking finding of my thesis was that, when considering full-field 

digital mammography by two well-known manufacturers (Hologic and General 

Electric), the results depended substantially on the manufacturer (see Chapter 5). 

For full-field digital mammography using machines manufactured by Hologic, 

there was clear evidence that the Altocumulus and Cirrocumulus measures that 

define mammographic density at higher pixel-brightness thresholds were superior 

predictors, as evaluated by both the OPERA estimates and the AUCs. These 

results were consistent for each measurer and for an average of all measurers. One 

of the explanations for these results, compared with the results from full-field 

digital mammography from General Electric machines is that the digital 

mammography from Hologic machines had a more extensive range of density 

thresholds across different definitions of mammographic density (see Figure 5-1, 

Chapter 5). 
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This difference by manufacturer is unlikely to be due to bias because the 

measurers were blinded to the manufacturer. In addition, this finding is robust 

because it involved a diversity of measurers (experienced and inexperienced) as 

well as a comparison between the Cumulus measure and the fully automated 

computer program LIBRA. I found evidence that the measurers were performing 

adequately because the OPERA estimates and AUCs using for the Cumulus 

measures were similar to those for the LIBRA measure (see Figure 5-2, Chapter 

5).  

When broken down into the breast cancer subtypes invasive breast cancer 

and DCIS, I found that while the conventional Cumulus mammographic density 

measures predicts invasive breast cancer as well as it predicts DCIS, the higher 

pixel-brightness threshold Cirrocumulus measure better predicts invasive breast 

cancer (see Chapter 7). Previous studies had concluded that the two subtypes of 

breast cancer might share a common aetiology because they had found that the 

strengths of association did not differ between invasive breast cancer and DCIS. 

My results did not support this finding – when different definitions of 

mammographic density are considered – and call the previous conclusion into 

question. When I defined mammographic density at higher pixel-brightness 

thresholds, the risk associations for both subtypes of breast cancer were no longer 

the same. That is, the amount of mammographic density defined by higher 

Altocumulus and Cirrocumulus was a better predictor of invasive breast cancer 

than it was for DCIS. The evidence supporting this finding was stronger when I 

focused on breast cancer diagnosed before age 50 years. For cases diagnosed 
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before age 50 years, all of the mammographic density measures differentiated 

invasive breast cancers from DCIS. There was no evidence that mammographic 

density measures differentiated subtype of breast cancer for cases diagnosed at a 

later age. 

I looked at two different modes for breast cancer detection: (i) breast 

cancer detected via the screening program (screen-detected cancer) and (ii) breast 

cancer detected within 2 years of a negative screen (interval cancer). All of the 

mammographic density measures predicted risk of both screen-detected and 

interval cancers, and they also differentiated between interval and screen-detected 

cancers (see Chapter 6).  

I also found the OPERA estimates were higher and more statistically 

significant for interval cancers compared with screen-detected cancers. This could 

be due to a masking effect, whereby tumours hidden within dense regions are not 

detected. Some studies have reported that the tumours for interval cancers are 

more aggressive and fast growing, and that they may be missed during 

mammography screening by the masking effect, especially for women with highly 

dense breasts, younger women and women who use hormone replacement 

therapy. That might suggest that the OPERA for screen-detected breast cancer is a 

true risk for breast cancer, and the OPERA for interval breast cancer was the 

combination of true risk and masking taking account of how aggressive tumours 

grow.  
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I found that, for dense area, while Cumulus and Cirrocumulus contribute 

to the risk for interval breast cancer, when I fitted all of the mammographic 

density measures concurrently, only Cirrocumulus remained statistically 

significant for screen-detected breast cancer. This finding is unlikely to be due to 

bias given that the measurers were blinded to mode of detection of breast cancer. 

I have confirmed that defining mammographic density at higher pixel-

brightness threshold better predicts invasive and screen-detected breast cancer. I 

have also found that the mammographic density and BMI measures that best 

predict DCIS are similar to those that predict interval cancers. However, as for 

interval cancers, DCIS is best predicted by percent mammographic density 

according to the conventional Cumulus definition and not by BMI.  

Additionally, there was stronger evidence of the association for earlier 

onset breast cancer, especially for Asian women; see Table 8.5, Table 8.7 and 

Chapter 8. 
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9.2. Future work 

9.2.1 Validation of findings using independent studies 

 Validation of these findings is the most important follow-up for this thesis. 

To achieve this, I have applied for permission, and been granted access, to use the 

following established studies: (a) a retrospective nested case–control study (from 

the Mayo Clinic, Rochester, MN, USA) of 1,911 cases and 4,170 controls with 

full-field digital mammography; (b) multiple case–control data sets from 

Australia, United States, United Kingdom and Malaysia, as a part of the 

Challenge component of the 4th biennial Why Study Mammographic Density 

Workshop in 2016, (c) a case–control data set of Hologic digital mammograms of  

approximately 500 cases and 1,000 controls from the National Cancer Center, 

Seoul, South Korea. I will seek access to data from other studies as the 

opportunities arise. 

9.2.2 Importance of more research on Asian women 

The incidence of breast cancer has historically been lower in Asian 

countries, but this is rapidly changing due to economic development. Australia 

has a growing population of women of Asian descent, and given global trends, the 

incidence of breast cancer in these women is likely to increase rapidly in the next 

few generations. 
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In terms of trying to lower the impact of this imminent epidemic of breast 

cancer in Asian women, an initial step is to find how to identify women at 

increased risk to allow for personalised recommendations on screening and risk 

reduction. Digital mammography is becoming widely used worldwide, and more 

research is required to work out which threshold is optimal, and for which 

machines; I will work on this question.  

In this regard, I have established a case–control study of breast cancer in 

Vietnam through the Ho Chi Minh Oncology Hospital. To date, I have collected 

digital mammograms for approximately 700 cases and 1,400 controls, and 

recruitment is continuing. I have also obtained permission to conduct 

mammographic density research using the Lifepool study of more than 50,000 

women recruited through BreastScreen Victoria, focusing first on comparing 

1,000 Asian women with 1,000 Caucasian women matched for age, year of 

measurement and screening location. Finally, I am working with colleagues to 

conduct a pilot study to assess the feasibility of establishing a cohort of 

Vietnamese women and families living in Australia. 

9.2.3 Integration into automated measures 

 Obviously, there must be an optimal pixel-brightness threshold, at least for 

a given population measured on a given machine by the same observer. While I 

am not claiming that either the Altocumulus or the Cirrocumulus measure used in 
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this thesis is necessarily the optimal measure, I have shown that the conventional 

Cumulus threshold is not optimal. 

In terms of translation of the results of this thesis, it is essential that 

mammographic density be measured automatically so that the results are available 

at the time of screening to inform management and advice. This is now feasible 

with digital mammography. Therefore, automated measures need to be developed 

that allow for changing the threshold. The VOLPARA software has the potential 

for doing this, and I am working with them to develop this concept. 

9.2.4 Determinants of variation in the new measures 

 Using established studies, especially family studies that include twins and 

sisters, I am studying the familial aggregation of Altocumulus and Cirrocumulus 

as I did for Cumulus (Nguyen et al., 2013)  [73]. I also aim to study the associations 

of the genetic variants known to be associated with breast cancer risk with the 

Altocumulus and Cirrocumulus measures, and compare these findings to those for 

Cumulus measures. 
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Appendix A: Hopper, 2015 concept of OPERA:  

Odds per Adjusted Standard Deviation: Comparing Strengths of 

Associations for Risk Factors Measured on Different Scales and Across Diseases 

and Populations 
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Appendix B: James Dowty concept of relation between OPERA and AUCs 

Figure 2.8 Distributions of biomarker in controls and cases and threshold for 

positivity [193]. Source: Wentzensen and Wacholder, 2013. 
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Let 𝑋𝑋 and 𝑌𝑌 be random variables giving the biomarker level and affected status, respectively, 

a random person, where 𝑌𝑌 = 1 corresponds to a case and 𝑌𝑌 = 0 corresponds to a control. 

Then as in (Wentzensen and Wacholder, 2013 [1]), we assume the conditional distribution of 

𝑋𝑋 for cases is 𝑁𝑁(Δ, 1), i.e. that 𝑋𝑋 given 𝑌𝑌 = 0 is the univariate normal distribution with mean 

Δ and variance 1, and that the conditional distribution of 𝑋𝑋 for controls is 𝑁𝑁(0,1).  We will 

show that log𝑂𝑂𝑅𝑅(𝑥𝑥) = Δ, where 𝑂𝑂𝑅𝑅(𝑥𝑥) is the odds ratio corresponding to a one unit increase 

in 𝑋𝑋 for a person with 𝑋𝑋 = 𝑥𝑥.  For a rare disease, the population standard deviation is the 

standard deviation in controls, which is 1 by assumption.  Therefore 𝑂𝑂𝑅𝑅(𝑥𝑥) is the odds ratio 

for an increase in 𝑋𝑋 by one standard deviation, and hence by one adjusted standard deviation, 

since there are no other variables to adjust for here.  So for a rare disease, this will show that 

log𝑂𝑂𝑃𝑃𝑃𝑃𝑅𝑅𝑃𝑃 = Δ.   

Let 𝑞𝑞0 = 𝑃𝑃(𝑌𝑌 = 0) and let 𝑞𝑞1 = 𝑃𝑃(𝑌𝑌 = 1), so that 𝑞𝑞0 + 𝑞𝑞1 = 1.  Define  

𝜙𝜙1(𝑥𝑥) =  𝑃𝑃(𝑋𝑋 = 𝑥𝑥 | 𝑌𝑌 = 1) =  
1

√2𝜋𝜋
exp�−

(𝑥𝑥 − ∆)2

2
�  

and similarly  

𝜙𝜙0(𝑥𝑥) =  𝑃𝑃(𝑋𝑋 = 𝑥𝑥 | 𝑌𝑌 = 0) =  
1

√2𝜋𝜋
exp �−

𝑥𝑥2

2
� . 

Then if 𝑝𝑝1(𝑥𝑥) is the probability that a person with biomarker 𝑋𝑋 = 𝑥𝑥 is a case, then  

𝑝𝑝1(𝑥𝑥) = 𝑃𝑃(𝑌𝑌 = 1 | 𝑋𝑋 = 𝑥𝑥) =  
𝑃𝑃(𝑋𝑋 = 𝑥𝑥 |𝑌𝑌 = 1)𝑃𝑃 (𝑌𝑌 = 1)

𝑃𝑃 (𝑋𝑋 = 𝑥𝑥)
=

𝑞𝑞1𝜙𝜙1(𝑥𝑥)
𝑞𝑞0𝜙𝜙0(𝑥𝑥) + 𝑞𝑞1𝜙𝜙1(𝑥𝑥), 



 

since  

𝑃𝑃 (𝑋𝑋 = 𝑥𝑥)        =  �𝑃𝑃 (𝑋𝑋 = 𝑥𝑥,𝑌𝑌 = 𝑦𝑦)
1

𝑦𝑦=0

=  �  (𝑋𝑋 = 𝑥𝑥 |𝑌𝑌 = 𝑦𝑦) 𝑃𝑃 (𝑌𝑌 = 𝑦𝑦)
1

𝑦𝑦=0

                                 

= 𝑞𝑞0𝜙𝜙0(𝑥𝑥) +  𝑞𝑞1𝜙𝜙1(𝑥𝑥). 

Then the probability 𝑝𝑝0(𝑥𝑥) that a person with biomarker 𝑋𝑋 = 𝑥𝑥 is a control is 1 − 𝑝𝑝1(𝑥𝑥), 

hence 

𝑝𝑝0(𝑥𝑥) =
𝑞𝑞0𝜙𝜙0(𝑥𝑥)

𝑞𝑞0𝜙𝜙0(𝑥𝑥) + 𝑞𝑞1𝜙𝜙1(𝑥𝑥). 

So the odds, 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜(𝑥𝑥), that a person with biomarker 𝑋𝑋 = 𝑥𝑥 is a case is  

𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜(𝑥𝑥) =
𝑝𝑝1(𝑥𝑥)
𝑝𝑝0(𝑥𝑥) =  

𝑞𝑞1𝜙𝜙1(𝑥𝑥)
𝑞𝑞0𝜙𝜙0(𝑥𝑥)

. 

Therefore the odds ratio 𝑂𝑂𝑅𝑅(𝑥𝑥) for a person with biomarker 𝑋𝑋 = 𝑥𝑥 + 1 compared to a person 

with biomarker 𝑋𝑋 = 𝑥𝑥 is  

𝑂𝑂𝑅𝑅(𝑥𝑥) =
𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜(𝑥𝑥 + 1)
𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜(𝑥𝑥) =  

𝑞𝑞1𝜙𝜙1(𝑥𝑥 + 1)
𝑞𝑞0𝜙𝜙0(𝑥𝑥 + 1)
𝑞𝑞1𝜙𝜙1(𝑥𝑥)
𝑞𝑞0𝜙𝜙0(𝑥𝑥)

=

𝜙𝜙1(𝑥𝑥 + 1)
𝜙𝜙1(𝑥𝑥)

𝜙𝜙0(𝑥𝑥 + 1)
𝜙𝜙0(𝑥𝑥)

 . 

 



But by the formula for 𝜙𝜙1(𝑥𝑥) above,  

𝜙𝜙1(𝑥𝑥 + 1)
𝜙𝜙1(𝑥𝑥) =  

exp(−(𝑥𝑥 −  Δ + 1)2/2)
exp(− (𝑥𝑥 −  Δ)2/2) = exp �Δ − 𝑥𝑥 −

1
2
� 

and similarly  

𝜙𝜙0(𝑥𝑥 + 1)
𝜙𝜙0(𝑥𝑥) =  exp �−𝑥𝑥 −

1
2
�. 

Substituting these equations into the expression for 𝑂𝑂𝑅𝑅(𝑥𝑥) above gives  

𝑂𝑂𝑅𝑅(𝑥𝑥) =
exp �Δ − x − 1

2�

exp �−x − 1
2�

=  𝑒𝑒Δ, 

which completes the proof.   
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