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Plain English summary 

Breast cancer is the most common cancer in UK women, with about 55,900 new 

cases each year, mainly in individuals aged over 50 years. Breast density, or the 

amount of dense tissue compared to fatty tissue in the breast, is a key risk factor for 

breast cancer. It is measured using mammograms and categorised into four groups 

(A, B, C, D) based on how dense the breast tissue is. Traditionally, radiologists 

assess breast density visually, known as manual measurement, but automated tools 

like Volpara and Quantra are now being used for more consistent results. However, it 

is not known whether automated tools produce similar results to manual 

measurement. 

We looked at studies published in the literature comparing automated and manual 

breast density measurements. The goal was to see how well the results of automated 

methods match those of manual assessments. Studies were included if they focused 

on routine breast cancer screening (not for monitoring past cancer) and used 

standard 2D digital mammography. 

 

We identified 26 studies. Most of these evaluated automated tools like Volpara and 

Quantra, with others assessing newer or less common software. Key findings 

include: 

• automated and manual methods showed good overall agreement, but there 

were differences between versions of automated tools and between different 

technologies 

• studies using Volpara suggested it may classify slightly more breasts as 

"dense" compared to manual methods, but this difference was small and 

varied across studies 

• one study suggested that automated methods might take longer than manual 

assessment, but this was based on limited data. 

• overall, the studies were of moderate quality. Reporting gaps made it hard to 

fully assess some results 

 

The are some issues worth considering: 

• Some studies did not clearly separate participants undergoing routine 

screening from those being monitored for past cancer, making it hard to 

confirm that all participants were from the general screening population. 
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• There was little information about how well the findings apply to minority ethnic 

groups or underserved populations. Similarly, there was no data about 

individuals who do not identify as women, which could impact the inclusivity of 

automated tools. 

• Differences in study methods and poor reporting made it difficult to draw firm 

conclusions or ensure results are relevant to everyone. 

 

Overall, our findings indicate that, in general, automated and manual methods have 

good agreement, with most existing evidence focusing on the Volpara and Quantra 

tools. They also highlight the need for more inclusive research, consistent methods 

and improved reporting to ensure automated breast density tools work well across all 

populations.  
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Executive summary 

Purpose of the review 

To determine the agreement between automated and manual measurement of 

mammographic breast density.  

Background 

In the UK, breast cancer is the most common type of cancer among women, 

accounting for 15% of all new cancer cases. Based on data from 2016-2018 there 

are around 55,900 new breast cancer cases in the UK annually, corresponding to 

more than 150 per day. Whilst breast cancer can occur at any age, it most commonly 

affects women who are over the age of 50 years and have reached menopause.  

The UK breast cancer screening programme currently screens all women aged 50-70 

years at three-year intervals with digital mammography (images of each breast from 

two views). Screening allows for the early detection of breast cancer which reduces 

cancer-related burden and mortality. Although breast cancer screening is highly 

successful in preventing breast cancer mortality (20-40% reduction in risk) death due 

to breast cancer is still not prevented in a substantial proportion of people due to 

underdiagnosis.  

 

Breasts contain glandular tissue, fibrous connective tissue, and adipose tissue. 

Breast density describes the relative amount of these various types of tissue as seen 

on a mammogram, specifically the proportion of radiologically dense fibro-glandular 

tissue relative to radiolucent adipose tissue on radiographic imaging. The distribution 

of the individual amount of fibroglandular tissue, and thus of mammographic 

densities across the female population, follows a typical Gaussian distribution of 

many biological features. In clinical practice, there are several ways of classifying 

breast density, including the commonly used American College of Radiology Breast 

Imaging Reporting and Data System (A C R B I-R A D S) atlas, which categorises breast 

density into four groups with ‘A’ referring to breasts that are entirely fatty, ‘B’ referring 

to breasts with scattered areas of fibroglandular density, ‘C’ referring to breasts that 

are heterogeneously dense, and ‘D’ referring to extremely dense breasts.   

 

In clinical practice, breast density assessment has traditionally been conducted by 

subjective manual measurement where the radiologist visually inspects 
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mammograms to categorise the density of the breast. More recently, automated and 

semi-automated quantitative methods of breast density assessments have been 

developed to improve the reproducibility of breast density assessment, and they may 

improve workflow efficiency.   

 

Automated software such as Volpara and Quantra provide density assessments that 

correspond to the four BI-RADS density categories, and there is evidence that they 

correlate well with the categories. However, a review by Patterson and colleagues 

(2019) for the UK National Screening Committee (U K N S C) found that, while the test-

retest reliability of automated methods was good, and reliability was better than 

human readers, there was a paucity of high-quality evidence. The authors found that 

the concordance between automated methods was variable, and they concluded that 

automated methods cannot be used interchangeably to measure breast density. 

Since the concordance between automated and manual methods has yet to be 

established, this review sought to evaluate the agreement (concordance) between 

automated and manual methods of measuring mammographic breast density. 

Focus of the review 

Comprehensive search strategies were developed by an information scientist and the 

following databases were searched from 2014 onwards: MEDLINE, Embase, 

Cochrane Database of Systematic Reviews, CENTRAL, Scopus, and Web of 

Science. There were no restrictions on study type or language. Full-text articles of 

published studies were eligible for inclusion if they reported the agreement between 

automated or semi-automated measurement of breast density with manual (visual) 

measurement of breast density using the B I-R A D S breast density scoring system 

(editions 3, 4 or 5) for 2D digital mammography or the resources required to measure 

breast density for the two methods, and included at least 60% of participants in their 

sample who underwent mammography for routine breast cancer screening and had 

no prior history of breast cancer. Studies of synthetic or spectral mammography were 

not deemed eligible for inclusion. 

 

Results  

The review included 26 articles. Eight studies evaluated Volpara software, two 

studies evaluated Quantra, two evaluated Volpara and Quantra in the same study, 
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three studies evaluated Volpara and other automated algorithms (Cumulus Hand 

Delineation and ImageJ software, EfficientNetB0 deep learning software and AI-CAD 

Lunit INSIGHT MMG). The remaining 11 studies evaluated various other individual 

automated software.  

 

Most studies reported substantial agreement between automated and manual 

measurements of breast density, indicating that there is good concordance between 

automated and manual measurements of breast density. Nevertheless, there was 

considerable variation both between automated technologies and within different 

versions of automated software. Robust conclusions are difficult to draw due to the 

small number of studies evaluating similar versions of automated software using 

comparable B I-R A D S editions. 

 

The meta-analysis comparing the density classification of the studies that evaluated 

Volpara software showed a slightly higher categorisation as dense than non-dense 

from Volpara in comparison to manual classification (risk difference 0.03, 95% 

confidence interval -0.03, 0.10). There are no dominant or small studies in the meta-

analysis with weights between 7.38% and 9.53% but the I2 statistic value of 97.92% 

indicates considerable heterogeneity between the studies. 

 

One study indicated that automated density assessment with Volpara may take 

longer than manual assessment, although the results were derived from a small 

study that evaluated 250 mammograms. It is, therefore, difficult to draw firm 

conclusions on any differences for the time requirements of manual and automated 

density assessment. 

 

Overall, the included studies were of moderate quality even though many items of the 

Re B I P checklist items were rated as unclear due to insufficient reporting in the full-text 

publications. 

Limitations 

While we have made every effort to ensure that the included studies are 

representative of the UK general breast cancer screening population, including 

contacting authors to clarify the composition of their study samples, confirming the 

eligibility of study populations has been challenging. This difficulty arises because the 

term ‘screening’ is often used interchangeably by study authors to refer to imaging for 
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breast cancer detection in the general screening population as well as imaging for 

surveillance to detect recurrent or second primary breast cancer. As a result, we 

cannot rule out with certainty the possibility that some included studies may have 

study populations with fewer than 60% general screening participants. It is also 

possible that some relevant studies have been excluded because we were unable to 

establish the composition of their populations. 

 

The generalisability of our findings for minority ethnic and underserved groups 

remains uncertain due to the poor reporting of participants’ ethnic and socioeconomic 

characteristics in the included studies. Moreover, none of the studies reported data 

on the inclusion of individuals who do not identify as women. This lack of information 

could be problematic if the automated technologies were trained on datasets that 

exclude select groups, potentially introducing bias into their application. It is, 

therefore, unclear whether our findings are truly representative of the broader 

screening population, highlighting the need for more inclusive research and 

transparent reporting. 

Evidence uncertainties 

Overall, there is a paucity of evidence evaluating similar versions of automated 

software against manual breast density measurement using similar editions of the BI-

RADS atlas. This makes it difficult to draw firm conclusions on the concordance of 

automated software with manual measurement, particularly for newer versions or 

less common software. There is a need for more consistent research with diverse 

participant populations to ensure results are representative of the wider screening 

population.  
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Introduction and approach 

Background 

In the UK, breast cancer is the most common type of cancer among women, 

accounting for 15% of all new cancer cases. Based on data from 2016-2018 there 

are around 55,900 new breast cancer cases in the UK annually, corresponding to 

more than 150 per day.1 Whilst breast cancer can occur at any age, it most 

commonly affects women who are over the age of 50 years and have reached 

menopause.  

 

The UK breast cancer screening programme currently screens all women aged 50-70 

years at three-year intervals with mammography (images of each breast from two 

views). Screening allows for the early detection of breast cancer which reduces 

cancer-related burden and mortality.2-4 Although breast cancer screening is highly 

successful in preventing breast cancer mortality (20-40% reduction in risk)3-5 death 

due to breast cancer is still not prevented in a substantial proportion of people due to 

underdiagnosis.6 

 

Breasts contain glandular tissue, fibrous connective tissue, and adipose tissue. 

Breast density describes the relative amount of these various types of tissue as seen 

on a mammogram, specifically the proportion of radiologically dense fibro-glandular 

tissue relative to radiolucent adipose tissue on radiographic imaging. The distribution 

of the individual amount of fibroglandular tissue, and thus of mammographic 

densities across the female population, follows a typical Gaussian distribution of 

many biological features.7 In clinical practice, there are several ways of classifying 

breast density, including the commonly used  American College of Radiology Breast 

Imaging Reporting and Data System (ACR B I-R A D S) atlas,8 which categorises breast 

density into four groups,with ‘A’ referring to breasts that are entirely fatty, ‘B’ referring 

to breasts with scattered areas of fibroglandular density, ‘C’ referring to breasts that 

are heterogeneously dense, and ‘D’ referring to extremely dense breasts. In clinical 

practice, breast density assessment has traditionally been conducted by subjective 

manual measurement where the radiologist visually inspects mammograms to 

categorise the density of the breast. 

In the context of screening, breast density is of concern for two reasons: women with 

high breast density have an increased risk of breast cancer than those with low 
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breast density,8 and the sensitivity of mammography screening is lower in women 

with more dense breasts.9 Breast density in women also appears to vary by ethnicity. 

Whilst breast cancer incidence rates have been traditionally lower in Eastern 

countries, rates are rapidly rising, potentially attributable to increased obesity, 

reduced physical activity, and decreased reproduction.10 Breast cancer is the highest 

incidence of malignancy in Japanese women. The Japanese Breast Screening 

Programme includes women in their 40s and has no upper age limit. Although breast 

cancer mortality rates have been declining in developed Western countries in the 

early 1990s attributable to screening programmes, the implementation of screening 

programmes in Japan has not been associated with a reduction in mortality rates. 

This could be due to underdiagnosis with standard mammography as Japanese 

women typically have more dense breasts than women in Western countries.10, 11  

 

Women with extremely dense breasts (BI-RADS group D) and those with moderately 

dense breasts (BI-RADS group C) are, therefore, at risk of underdiagnosis. Together 

these two groups (BI-RADS C and D) may account for almost half of the screening 

population.12 Earlier identification of breast cancer through supplemental screening 

modalities for women with dense breasts would allow for earlier intervention and 

better clinical outcomes. A risk-adapted screening protocol, wherein women with 

dense breasts are offered supplemental or enhanced screening modalities, is 

increasingly being considered.  

 

Aside from standard mammography, several other imaging modalities may be used 

to detect breast cancer in women with breast density. These include magnetic 

resonance imaging (MRI), ultrasonography (using either hand-held or automated 

modalities), contrast-enhanced mammography (CEM), and digital breast 

tomosynthesis (DBT). 

In 2019, the UK National Screening Committee (UK NSC) commissioned a report on 

whether additional screening with ultrasound after negative standard mammography 

in women with breast density would be beneficial.7 The field of breast imaging is a 

rapidly evolving area, and in the UK, the multicentre Breast Screening - Risk Adapted 

Imaging for Density (BRAID) study (due for publication in early 2025) sought to 

determine if supplemental abbreviated MRI, CEM and automated ultrasonography 

(ABUS) better detected cancer in women with dense breasts.13  
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On this basis, the UK NSC commissioned an updated evidence review to evaluate 

supplemental imaging modalities for breast cancer screening to detect breast cancer 

in women with dense breasts to support decision-making about the current UK breast 

screening programme. 

Objectives 

Specifically, this review had three objectives: 

1. Objective 1: To determine the agreement (concordance) between automated and 

manual measurement of mammographic breast density 

2. Objective 2: To determine the effect of an additional imaging modality to 

supplement standard mammography compared with standard mammography 

alone for identifying breast cancer in women with dense breasts. 

3. Objective 3: To review evidence on existing economic models assessing the costs 

and consequences of enhanced mammographic screening for women with breast 

density. 

 

This document addresses Objective 1 and complies with UK NSC criterion 4 for 

a population screening programme, which requires a simple, safe precise and 

validated screening test.  

Methods 

General 

This systematic review was commissioned by the UK NSC and was conducted in 

accordance with the recommendations of the Cochrane Handbook for Systematic 

Reviews of Interventions14 and in adherence with the Preferred Reporting Items for 

Systematic Reviews (PRISMA) guidelines.15 The methods were pre-specified in a 

protocol and registered with the PROSPERO International Prospective Register of 

Systematic Reviews, available from: 

https://www.crd.york.ac.uk/prospero/display_record.php?ID=CRD42024550250.  

Patient and public involvement (PPI) 

Two PPI partners were part of the study Advisory Group, which also included 

academic and clinical experts. One PPI partner has lived experience of undergoing 

mammography for routine breast screening and the other has lived experience of 

breast cancer. PPI partners participated in regular Advisory Group meetings, where 

https://www.crd.york.ac.uk/prospero/display_record.php?ID=CRD42024550250
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they contributed to discussions and made recommendations at each stage of the 

project. 

Language and inclusivity statement 

Most people who use the UK’s breast screening programme identify as women, 

though not all do. While using exclusively gender-neutral language can enhance 

inclusivity, it may also reduce clarity. None of the studies included in our review 

reported data on non-binary participants. We have, therefore, chosen to use both 

‘women’ and gender-neutral language where appropriate. We acknowledge that this 

is a compromise; however, when we refer to ‘women’, we ask the readers to interpret 

this as including all individuals who use the breast screening service, not only those 

who identify as women.  

Role of the funding source 

The NIHR Aberdeen-Belfast Evidence Collaboration (ABEC) was funded by the NIHR 

Evidence Synthesis Programme to conduct this review (project no. NIHR164221). The 

funder of the study and the UK NSC contributed to the conceptualisation of the 

research question and study design, but had no role in data collection, data analysis, 

data interpretation, or writing of the report. 
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Rationale for the review 

Criterion 4 — There should be a simple, safe, precise and 
validated screening test   

Question — Does the automated measurement of mammographic breast 
density provide similar results to manual measurement in individuals 
undergoing breast cancer screening? 

 

In clinical practice, breast density assessment has traditionally been conducted by 

subjective manual measurement where the radiologist visually inspects 

mammograms to categorise the density of the breast.6 More recently, automated and 

semi-automated quantitative methods of breast density assessments have been 

developed to improve the reproducibility of breast density assessment and may 

improve workflow efficiency.   

 

Automated software such as Volpara and Quantra provide density assessments that 

correspond to the four BI-RADS density categories and there is evidence that they 

correlate well with the categories.6, 16, 17 However, a review by Patterson and 

colleagues (2019) for the National Screening Committee found that, while the test-

retest reliability of automated methods was good, and reliability was better than 

human readers, there was a paucity of high-quality evidence.18 The authors found 

that the concordance between automated methods was variable, and they concluded 

that automated methods cannot be used interchangeably to measure breast density. 

Since the concordance between automated and manual methods has yet to be 

established, this review sought to evaluate the agreement between automated and 

manual methods of measuring breast density. 

Eligibility for inclusion in the review 

Search strategy 

Comprehensive search strategies were developed by an information scientist with 

input from our expert advisors to identify studies of any design that compared manual 

and automated measurement of breast density. The databases searched were 

MEDLINE, Embase, Cochrane Database of Systematic Reviews, CENTRAL, 

Scopus, and Web of Science. There were no restrictions on study type or language 

at the search stage, but results were limited to 2014 onwards. All references were 



UK N S C external review – Automated and manual measurements of mammographic breast 
density in individuals undergoing breast cancer screening [Date of review completion] 

16 

exported to Endnote for recording and deduplication. The reference lists of all articles 

selected for full text appraisal were screened for additional studies. Details of the 

search strategies are reported in Appendix 1. 

Study selection 

Full-text articles of published studies were eligible for inclusion if they reported the 

agreement between automated or semi-automated measurement of breast density 

with manual (visual) measurement of breast density using the BI-RADS breast 

density scoring system8 (editions 3, 4 or 5)9, 19, 20 for 2D digital mammography or the 

resources required to measure breast density for the two methods, and included at 

least 60% of participants in their sample who underwent mammography for routine 

breast cancer screening and had no prior history of breast cancer. Studies of 

synthetic or spectral mammography were not deemed eligible for inclusion. The 

rationale for our eligibility criteria was that 2D digital mammography is the standard 

imaging modality used in the UK National Breast Screening Programme. We also 

aimed to include mammograms from participants that are representative of the UK 

general screening population, rather than those undergoing mammography for 

diagnostic indications or for surveillance for second primary or recurrent breast 

cancer. Case-control studies, systematic reviews, editorials, letters and opinion 

articles were considered ineligible. Conference abstracts were excluded but we 

attempted to investigate whether fuller information was available from another 

source. Details of the review eligibility criteria are provided in Table 1. 

 

At the start of the study selection process, two reviewers (CR and SD) independently 

screened 20% of the titles and abstracts to ensure consistency by comparing their 

results. The remaining citations were screened by a single reviewer (CR). All 

potentially relevant articles were retrieved in full and assessed for inclusion by one 

reviewer (CR), with a second reviewer (MB, DC and SD) checking all articles labelled 

as unclear (20%). Any disagreements were resolved through discussion between 

reviewers.   

 

We attempted to contact the corresponding authors of studies where details of the 

study population were unclear to determine whether the proportions of participants in 

their samples met our eligibility criteria, provided the study included at least 200 

participants (or 200 mammograms if the number of participants was not reported). 
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Due to time constraints, we excluded studies with unclear population details that 

involved fewer than 200 participants or 200 mammograms without attempting to 

contact the study authors. 
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Table 1: Inclusion criteria for the key question 

 

Key question  Inclusion criteria 
 

 Population Target 
condition 

Intervention  Comparator  Outcome  Study type 

Does the automated 
measurement of 
mammographic 
breast density 
provide similar 
results to manual 
measurement in 
individuals 
undergoing breast 
cancer screening? 
 

Individuals 
between 40 
and 70 years 
of age 
undergoing 
breast cancer 
screening 

Breast 
density 

Semi-automated and fully 
automated methods. 
Methods of measuring risk 
from AI technologies 
applied to mammograms 
that are not based on 
breast density were 
excluded. Semi-automated 
methods may include 
Cumulus, ImageJ-based 
method or DM-scan. Fully 
automated methods may 
include Densitas, DM-scan, 
LIBRA, Quantra, SXA, or 
Volpara. 
 

Manual (visual) 
measurement of 
breast density (% 
density or BI-
RADS 
classification 
edition 3, 4 or 5). 
 

Agreement 
between manual 
and automated 
methods for 
measuring breast 
density  
 
Resources needed 
to measure breast 
density (number 
and experience of 
health 
professionals 
performing the 
measurement) 

• Studies of any design 
published in English in 
the last 10 years that 
assessed the 
agreement between 
measurements 
obtained using a semi-
automated or fully 
automated method with 
those obtained from a 
manual measurement. 
 
Only studies published 
in full-text articles were 
considered eligible for 
inclusion.  
 
Conference abstracts 
were excluded but we 
investigated whether 
fuller information was 
available from another 
source.   
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Data extraction and risk of bias assessment  

A single reviewer (CR) conducted data extraction using a prespecified data 

extraction form that was developed with input from the Advisory Group and in 

accordance with guidance from the PRO-EDI21 initiative for considering equality, 

diversity and inclusion of participant characteristics in evidence syntheses. The same 

reviewer conducted risk of bias assessment using an adapted version of the Review 

Body for Interventional Procedures () quality assessment tool for non-randomised 

comparative and case series studies. The ReBIP 18-item checklist was originally 

developed for NICE and was adapted from several quality assessment checklists 

and guidance documents, including the NHS Centre for Reviews and 

Dissemination’s guidance, Verhagen and colleagues, Downs and Black and the 

Generic Appraisal Tool for Epidemiology (GATE).22-25 The tool assesses bias and 

generalisability, sample definition and selection, description of the intervention, 

outcome assessment, adequacy of follow-up, and performance of the analysis. 

Individual ReBIP question items 1 to 12 were rated as ‘yes’, ‘no’ or ‘unclear’. A rating 

of ‘yes’ denoted the optimal rating for methodological quality. Items 13 to 18 of the 

checklist were considered unsuitable for the scope of the current review. 

Data analysis  

Synthesising agreement data across studies proved challenging due to the 

inconsistency in how agreement was measured and reported. Investigators used a 

range of statistical methods to assess agreement between manual and automated 

measurement including the area under the curve, measure of diagnostic accuracy 

such as sensitivity or specificity, Spearman’s rank correlation coefficient, Pearson’s 

correlation coefficient and the kappa statistics. The choice of methods was at the 

discretion of each study’s authors. Among studies reporting the kappa statistics, 

there was variation in whether the kappa was weighted and, if so, whether linear or 

quadratic weights were applied. In certain cases, only the kappa value was provided 

with no accompanying indication of precision. Furthermore, the basis of agreement 

differed across studies. In some, the agreement was assessed for binary 

classifications (dense versus non-dense), while in others related to the four density 

categories.  



UK N S C external review – Automated and manual measurements of mammographic breast 
density in individuals undergoing breast cancer screening [Date of review completion] 

20 
 

 

Where studies reported the proportions of participants classified into breast density 

categories by both automated and manual measurements, we analysed these 

proportions for studies using similar automated software to determine the ability of 

the software to consistently classify participants as having dense or non-dense 

breasts compared with manual measurement. For studies reporting numerical data 

for both automated and manual measurements, we conducted a meta-analysis to 

compare the proportions classified as dense and non-dense. This analysis was 

possible for studies comparing Volpara to manual measurement. A random-effects 

meta-analysis was performed to compare the dense proportions. Among the Volpara 

studies, there were four multi-arm studies. To avoid potential bias, we did not split 

the Volpara group when there were multiple control groups, nor did we combine 

control groups when these represented different manual measurements of the same 

participants. Therefore, for the main meta-analysis we selected the more recent 

version of Volpara when two were available (e.g., Gemici 2020);26 breast imaging 

experts in Eom (2018),27 randomly selected observer 1 in Singh (2016),28 and the 

most experienced radiologist from Rigaud (2022).29 Sensitivity analyses were also 

conducted using the excluded groups from the Gemici (2020),26 Eom (2018),27 and 

Singh (2016) studies.28 
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Description of the evidence  

The literature searches identified 1032 citations, and 215 full-text reports were 

selected for eligibility assessment. Of these, 5 reports were unavailable, of the 

remaining 184 were excluded.  We attempted to contact the corresponding authors 

of 28 reports where it was unclear whether the reports included eligible populations 

(n=25),30-54 whether they included eligible mammography (n=2)55, 56 or whether they 

were a secondary report of the same participant sample of another included study 

(n=1).57 The email addresses of five authors of 6 reports were invalid. We were 

unable to identify alternative email addresses for these authors. We were also 

unable to locate an email address for 1 further study where the email address of the 

corresponding author was not provided in the written report.50 Of the remaining 21 

reports, we received replies from 5 authors, and we were subsequently able to 

include t studies.33, 56 We did not include the 19 studies where we received no reply 

from the study authors.30, 31, 34, 35, 38-47, 51, 53, 55-57 

We also excluded 11 studies58-68 that used mammograms from databases of 

digitised film mammography, specifically the Digital Database of Screening 

Mammography (DDSM)69 and the Mammographic Image Analysis Society (MIAS) 

databases.70 

 

In total, 26 reports were included in this systematic review. Details of the screening 

process and the lists of included and excluded studies with the main reasons for 

exclusion are presented in Appendix 2. 

Characteristics of the included studies  

The characteristics of the included studies are detailed in Table 4, Appendix 3. The 

included studies were conducted in Europe (n=9: Sweden [n=5],56, 71-74 the 

Netherlands [n=2],75, 76 France [n=1],77 Norway [n=1]78); the USA (n=4);29, 33, 79, 80 the 

Republic of Korea (n=4);17, 27, 81, 82 Peru (n=2);83, 84 and 1 study each was conducted 

in Argentina;85 Australia;86 Brazil;87 India;28 Saudia Arabia;88 Turkey;26 and the UK 

and USA.89  

 

Eight studies evaluated Volpara software,17, 26-28, 73, 75, 80, 88 two studies evaluated 

Quantra,78, 86 two evaluated Volpara and Quantra in the same study,76, 81 three 
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studies evaluated Volpara and other automated algorithms (Cumulus Hand 

Delineation and ImageJ software,89 EfficientNetB0 deep learning software29 and AI-

CAD Lunit INSIGHT MMG).82 The remaining 11 studies33, 56, 71, 72, 74, 77, 79, 83-85, 87 

evaluated various other individual automated software. The studies varied in 

reporting their units of analysis by the number of participants (total across studies, 

n=29,784) and the number of mammograms (total across studies, n=16,194). The 

youngest reported mean age of the participants was 48.8 years28 and the oldest was 

58.8 years.75 Only 1 study reported the ethnicity of the participants.82 None of the 

studies reported details of the socioeconomic status or transgender characteristics of 

the participants. Five studies56, 71-74 obtained mammograms from the Mälmo Breast 

Tomosynthesis Screening Trial (MBTST).90 It is unclear whether any participant 

overlap exists between these studies; however, each study evaluates different 

automated software. Therefore, we believe these studies are not problematic in 

terms of double counting participants. Similarly, while it is unclear whether there is 

participant overlap between two studies conducted in Peru, both studies also 

evaluated different automated software, reducing concerns about duplication. Four 

studies explicitly reported evaluating raw (for processing/pre-processed) images;71-73, 

83 however, most studies did not specify whether they evaluated raw or processed 

(for presentation) images.  

Quality assessment  

Overall, the included studies were of moderate quality even though many items of 

the ReBIP checklist items were rated as unclear due to insufficient reporting in the 

full-text publications. All studies clearly defined the intervention and comparison, 

included valid and reliable assessment of important outcomes and included 

radiologists with breast imaging experience. Half (50%) of the studies were judged to 

be representative of the target population, with the remainder judged as unclear, and 

the comparison groups of all studies were judged to be similar in terms of their 

demographic and clinical features. Eleven (42.3%) studies were deemed to have 

conducted blinded outcome assessments. The authors of 11 studies either 

developed the automated software or had associations with the manufacturers of the 

automated software.56, 71-76, 79, 83, 84, 87 The results of the study-level quality 

assessment are provided in Table 5, Appendix 3.  
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Overall findings  

Full-length results tables are provided in Tables 6 to 8 in Appendix 4.  

In some studies, more than one agreement statistic was used, and across all of the 

related studies, there are three general types of agreement reported. These are 

kappa statistics, correlation coefficients and percentage agreement. Nearly 70% of 

the reported methods are kappa with over 80% either linear or quadratic weighted 

Cohen's kappa. All studies included participants with a full range of breast density 

categories, so low prevalence in either dense or non-dense classifications was not 

an issue. Even in studies using a four-level density agreement - where categories A 

and D had fewer participants - there were sufficient participants in categories B and 

C to avoid the need for a prevalence-adjusted Kappa. We are, therefore, happy that 

the studies are using appropriate methods to measure agreement for ordinal rating 

categories between different reviewers. Where studies had more than two reviewers, 

Fleis Kappa was used to account for multiple raters. 

Volpara software versus manual measurement 

The results of the 13 studies17, 26-29, 73, 75, 76, 80-82, 88, 89 that compared Volpara software 

with manual density measurement using BI-RADs are summarised in Table 2. The 

studies evaluated 15 versions of Volpara (Version 1.4.2 [n=1];26 Version 1.4.5 

[n=1];28 Version 1.5.0 [n=3];75, 76, 89 Version 1.5.1 [n=3];17, 26, 80 Version 1.5.11 [n=1];73 

Version 1.5.12 [n=1];27 Version 1.5.2 [n=1];80 Version 1.5.5.1 [n=1];88 Version 3.1 

[n=1];81 Version 3.4.1 [n=2])29, 82  compared against BI-RADS 4th (n=7 studies)17, 26, 28, 

73, 75, 80, 89 and BI-RADS 5th (n=5 studies)76, 80-82, 88 editions. Two studies did not report 

the BI-RADS edition.27, 29 Portnow and colleagues (2022) evaluated BI-RADS 4th and 

5th editions in their study.80 The different versions of Volpara and BI-RADS editions 

were considered as suitably similar for combining in our meta-analysis comparing 

the proportions of density categories between Volpara and manual measurement. 

The studies evaluated mammograms obtained using Hologic (n=5);26, 29, 75, 76, 81 GE 

Healthcare (n=4),17, 27, 80, 82 Siemens AG (n=1)73 and Phillips (n=1)28 systems. Two 

studies did not report the mammography system.88, 89 
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Discussion of Volpara findings 

Concordance ranged from Kappa -0.40 to 0.83. Most studies (53.8%)17, 27, 28, 75, 76, 80, 

89 showed substantial agreement between Volpara and manual measurement with 

BI-RADS, both for categorising mammograms into the four density and non-

dense/dense categories, although one of these studies by Alomaim and colleagues 

(2020) showed only moderate agreement for mammograms that did not contain 

image distractors.89 The study found that there was a statistically significant 

difference in the average time required to make density assessments by manual and 

automated methods, with manual assessment taking an average of 14 seconds 

(range: 7 to 33 seconds) and Volpara taking approximately 57 seconds (range not 

reported) per patient (p < 0.001). This study also reported that the average time for 

the manual subjective categorisation for mammograms with image distractors was 

12 seconds (range: 7–23 seconds), and 16 seconds (range: 9–33 seconds) for those 

without any distractors, however, the time difference was not significant (p > 0.05). 

The study by Eom and colleagues (2018) found almost perfect agreement between 

Volpara version 1.5.12 and visual measurement by expert radiologists for classifying 

mammograms into dense and non-dense categories, although this reduced to 

substantial agreement for measuring the four density categories and the agreement 

between Volpara and general radiologists was substantial for both the 4-way and 2-

way density classifications in this study.27 Four studies (30.8%) showed moderate 

agreement between Volpara and BI-RADS although, of these, the study by Aloufi 

and colleagues (2022)88 found only fair agreement for categorising mammograms 

into the four density categories compared with moderate agreement for the 

dense/non-dense categories. One study by Riguad and colleagues (2022)29 showed 

only fair agreement and the study by Gemici and colleagues (2020)26 showed poor 

agreement. The version of Volpara software, BI-RADS edition and the type of 

mammography system used in the studies were not consistently associated with the 

strength of agreement between the automated and visual density measurements. 

 

The meta-analysis comparing the density categorisation of Volpara and manual 

measurement is shown in Figure 1. The meta-analysis shows a slightly higher 

categorisation as dense than non-dense from Volpara in comparison to manual 

classification. In Gemici (2020),26 two versions of Volpara were used and the most 
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recent used in the meta-analysis below. In Eom (2018),27 and Singh (2016)28 there 

were two control groups and so breast imaging experts were the chosen control 

group for Eom (2018) and observer 1 was used as the control group for Singh 

(2016). The sensitivity analyses where the alternative groups from these three 

studies are used are all consistent with overall differences of 0.03 (95% CI-0.04, 

0.10), 0.03 (95% CI -0.03, 0.09), and 0.04 (95% CI -0.03, 0.11) in comparison to the 

overall difference in the forest plot of 0.04 (-0.03, 0.11). There are no dominant or 

small studies in the meta-analysis with weights between 7.38% and 9.53% but the I2 

statistic value of 97.92% indicates considerable heterogeneity between the studies. 

Figure 1 Meta-analysis of Volpara versus manual measurement of mammographic breast density  
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Table 2 Summary results of the studies evaluating Volpara versus manual measurement of mammographic breast density  

Study ID Sample size 
used in the 
analysis 

Type of 
mammography 

Automated software version and 
BI-RADS edition 

Agreement value (95% CI) Agreement 
interpretation 

Gemici 
202091 

379 
mammograms 

FFDM  
Selenia, Hologic 

Volpara version 1.4.2 (n=1399 
mammograms) 
 

V 1.4.2 vs BI-RADS 4: κ -0.41 (NR)  Poor agreement 
 

Volpara version 1.5.1 (n=1399 
mammograms) 
 

V1.5.1 vs BI-RADS 4: κ -0.40 (NR) Poor agreement 

BI-RADS 4th edition (n=379 
mammograms) 
Two radiologists with 5 and 8 
years, experience 
 

  

Holland 
201675 

500 
participants; 
1000 
mammograms 

Digital 
mammography 
Lorad Selenia, 
Hologic 

Volpara version 1.5.0 
 
 

4-way density  
Experienced radiologists: κ 0.73 to 
0.78; PhD student: κ 0.77 
 

Substantial 
agreement 
 

BI-RADS 4th edition 
Three radiologists (R1, R2 and R3) 
with ≥8 years of experience in 
breast imaging and a PhD student 
(R4) with a medical degree and 2 
years’experience 

Non-dense vs. dense  
Experienced radiologists: κ 0.63 to 
0.70; PhD student: κ 0.71 

Substantial 
agreement 

Rigaud 
202229 

995 
participants 

FFDM 
Selenia 
Dimensions, 
Hologic 

Volpara version 3.4.1 
 
 

κ 0.34 (range 0.17 to 0.48); 
Average percent agreement: 56% 
(range 43 to 64%) 

Fair agreement 

BI-RADS (edition NR) 
7 radiologists with 5-22 years’ 
experience 

992 
mammograms 

FFDM Volpara version 1.5.0 
 

κ 0.80 (0.77, 0.82) 
Proportion agreement 65.4% 

Substantial 
agreement 
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van der 
Waal 
201576 

Selenia system, 
Hologic 

 Prediction of dense category  
AUC: 0.948 (0.935, 0.960) 
Accuracy at 8.0% cut-off 
Sensitivity: 84%; Specificity 91% 

BI-RADS 5th edition 
3 experienced radiologists 

Youk 
202181 

4000 
participants 

FFDM 
Lorad Selenia, 
Hologic 

Volpara version 3.1 
 
 

κ 0.48 (0.46, 0.50)  Moderate 
agreement 

BI-RADS 5th edition 
Three radiologists with 7, 10 and 
14 years’ experience 

Eom 
201827 

1000 
participants 

FFDM 
Senographe 
DS, GE 
Healthcare 

Volpara version 1.5.12 
 
 

Expert radiologists: κ 0.77 (0.75, 
0.80); General radiologists: κ 0.71 
(0.68, 0.74)  

Substantial 
agreement  
 
 

BI-RADS (edition NR) 
Two breast-imaging experts with >5 
years’experience 
 

Non-dense vs. dense 
Expert radiologists: κ 0.83 (0.80, 
0.87) 
 

Almost perfect 
agreement 
 

BI-RADS (edition NR) 
Two general radiologists with <5 
years of experience 

General radiologists: κ 0.73 (0.68, 
0.77) 

Substantial 
agreement 
 

Lee 
201517 

860 
participants 

FFDM 
Senographe 
DS; GE 
Healthcare 

Volpara version 1.5.1 
 

κ 0.80 (0.77, 0.83) 
 
ρ 0.86 (NR) P<0.0001 

Substantial 
agreement 

BI-RADS 4th edition 
One radiologist with 6 years’ 
experience 

Lee 
202282 

488 
participants 
 
488 
mammograms 

FFDM 
Senographe 
Pristina, GE 
Healthcare  

Volpara version 3.4.1 
 

4-way density: κ 0.50 (0.45, 0.56)  Moderate 
agreement 
 

BI-RADS 5th edition 
Three radiologists with 2-, 10- and 
25-years’ experience  

Non-dense vs. dense: κ 0.56 (0.48, 
0.65) 
 

Moderate 
agreement 

Portnow 
202280 

200 
mammograms 

FFDM 
Senograph ES 
and Senograph 

Volpara version 1.5.1 
 

Non-dense vs dense 
V 1.5.1 vs. BI-RADS 4: κ 0.68 to 
0.83 

Substantial 
agreement 
 BI-RADS 4th edition 
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DS, GE 
Healthcare 

Six radiologists with 23-30 years’ 
experience 

 

 
Volpara version 1.5.2 
 

V 1.5.2 vs. BI-RADS 5: κ 0.76 to 
0.85 

Substantial 
agreement 

BI-RADS 5th edition 
Six radiologists with 23-30 years’ 
experience 

Sartor 
201673 

8426 
participants; 
8426 
mammograms 

Digital 
mammography, 
Mammomat 
Inspiration, 
Siemens AG 

Volpara version 1.5.11 κ 0.55 (0.53, 0.56) Moderate 
agreement 

BI-RADS 4th edition 
five breast radiologists with >10 
years’ experience 

Singh 
201628 

476 
participants 

FFDM 
MicroDose SI, 
Philips 

Volpara version 1.4.5 
 

Observer 1: ρ 0.73 Strong 
agreement 
 

BI-RADS 4th edition 
Observer 1 (1/2 radiologists with 5–
10 years’ experience) 
 

Observer 2: ρ 0.73 Strong 
agreement 

BI-RADS 4th edition 
Observer 2 (1/2 radiologists with 5–
10 years’ experience) 

  

Alomaim 
202089 

With 
distractors: 92 
mammograms 
Without 
distractors: 
158 
mammograms 

Digital 
mammography 
(machine NR) 

Volpara version 1.5.0 (n=122 
mammograms) 

κ 0.66, p<0.001  
 

Substantial 
agreement 

BI-RADS 4th edition (n=122 
mammograms) 

With distractors: κ 0.67 (NR) 
p<0.001 

Substantial 
agreement 
 

25 USA and 24 UK radiologists 
with >8 years’ experience (UK 12% 
≤1 years’ experience) 

Without distractors: κ 0.52 (NR) 
p<0.001 

Moderate 
agreement 
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Aloufi 
202288 

1022 
participants 

NR 
FFDM was used 
in the SNBCSP 
during the time 
mammography 
was conducted 
during the study 
(from 2012 to 
2018)92 

Volpara version 1.5.5.1 4-way density 
κ (0.35 (0.29, 0.39) 

Fair agreement 
 
 

 
BI-RADS 5th edition 
11 radiologists (experience NR) 

Non-dense vs.dense 
κ 0.53 (0.47, 0.60) 

Moderate 
agreement 

Aktiengesellschaft (AG); AUC, area under the curve; FFDM, full field digital mammography; GE, General Electric, κ, Kappa statistic; NR, not reported; ρ; Spearman’s rank 
correlation coefficient; SE, standard error; SNBCSP, Saudi National Breast Cancer Screening Programme; V, Volpara; vs, versus 
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Quantra software versus manual measurement  

The results of the four studies that compared Quantra software with manual 

measurement are summarised in Table 3. All studies used Selenia, Hologic 

mammography systems and evaluated Quantra versions 1.3 (n=1),76 2.0 (n=2)78, 86 

and 2.1.1 (n=1).81  

Discussion of the Quantra findings 

Concordance ranged from Kappa 0.54 to 0.84. Two studies by van der Waal and 

colleagues (2015)76 and Ekpo and colleagues (2016)86 showed excellent or almost 

perfect agreement between Quantra and BI-RADS density measurements, although 

this reduced to substantial agreement for the classification of the four density 

categories in the latter study. The study conducted by Osteras and colleagues 

(2016)78 showed substantial agreement, while the study by Youk and colleagues 

(2021)81 showed moderate agreement between Quantra and BI-RADS 

measurements. As with the evaluations of Volpara software, the different Quantra 

versions and BI-RADS editions were not consistently associated with the strength of 

agreement between the different methods of density measurement. We were unable 

to analyse the proportions of mammograms classified by the different density 

categories because data for both Quantra and BI-RADs measurements were only 

available for the study conducted by Youk and colleagues (2021).81 
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Table 3 summary results of the studies evaluating Quantra versus manual measurement of mammographic breast density   

Study ID Sample size 
used in the 
analysis 

Type of 
mammography 

Automated software version 
and BI-RADS edition 

Agreement value (95% CI) Agreement 
interpretation 

Ekpo 
201686 

292 
participants 
(majority 
report) 

NR 
Selenia 
Dimensions, 
Hologic 

Quantra version 2.0 Majority report 
4-way density  
κ 0.79 (0.75, 0.84) 
 

Substantial 
agreement 
 

BI-RADS 4th edition 
3 RANZCR-certified breast 
radiologists (majority report – 
consensus of 2/3) 

Non-dense vs.dense  
κ 0.84 (0.79, 0.87) 
Sensitivity: 91.3%; Specificity 
83.6% 
AUC: 0.89 (0.82, 0.91) 
 

Almost perfect 
agreement 

Osteras 
201678 

537 
mammograms 

FFDM 
Selenia 
Dimensions, 
Hologic 

Quantra version 2.0 
 

κ 0.73 (0.67, 0.79) Substantial 
agreement 

BI-RADS 4th edition 
five radiologists 
with 1 to 34 years’ experience 

van der 
Waal 
201576 

992 
mammograms 

FFDM 
Selenia system, 
Hologic 

Quantra version 1.3 
 

Prediction of dense category  
AUC: 0.98 (0.94, 0.96) 

Excellent 
agreement 

 BI-RADS 5th edition 
3 experienced radiologists 

 
Accuracy at 13.8% cut-off: 
Sensitivity: 82%; Specificity: 
92%) 

 

Youk 
202181 
 

4000 
participants 

FFDM 
Lorad Selenia, 
Hologic 

Quantra version 2.1.1 
 

κ 0.54 (0.52, 0.56) 
 

Moderate 
agreement 

BI-RADS 5th edition 
Three radiologists with 7-, 10- 
and 14-years’ experience 

AUC, area under the curve; FFDM, full field digital mammography; κ, Kappa statistic; NR, not reported; ρ; Spearman’s rank correlation coefficient; RANZCR, Royal Australian 
and New Zealand College of Radiology; SE, standard error; vs, versus 
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‘Other’ automated software versus manual measurement  

Fourteen studies compared 16 individual automated software with manual BI-RADS 

density measurement (BI-RADS 3rd edition, n=1;84 BI-RADS 4th edition n=4;72, 79, 87, 

89 BI-RADS 5th edition n=7;33, 56, 71, 74, 77, 82, 85 BI-RADS edition was not reported 

n=2).29, 83 Details of the results of the automated software are presented in Table 8, 

Appendix 4. 

Discussion of the ‘other’ automated software findings 

Concordance ranged from Kappa 0.38 to 0.86. Two automated algorithms evaluated 

by Alomaim and colleagues (2020)89 and Lehman and colleagues (2019)33 showed 

almost perfect agreement with manual measurements using BI-RADS 4th and 5th 

editions, respectively. The study by Alomaim also found that automated assessment 

of breast density took significantly longer on average per patient than manual 

assessment: 14 seconds (range: 7–33 seconds) for manual assessment compared 

with 320 seconds (range: 198–453 seconds) or Cumulus hand delineation (HD) and 

131 seconds (range: 83–168 seconds) for Image J software (p < 0.001).89 Eight 

(50%) studies showed substantial agreement with manual measurement. Of these, 

the study by Le Boulc’h and colleagues (2020)77 demonstrated substantial 

agreement for DenSeeMammo software compared with both senior and junior 

radiologists’ density measurements using BI-RADS 5th edition. Six (37.5%) studies 

showed moderate agreement, although the study by Lee and colleagues (2022)82 

showed only fair agreement for the dense/non-dense classification.  

 

We did not attempt to pool the proportions data for the manual and automated 

density classifications due to the heterogeneity among the different automated 

software. 
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Discussion of overall findings      

This evidence synthesis included 26 reports that evaluated the concordance 

between automated and manual measurement of breast density for 2D digital 

mammography. To our knowledge, our study is the most comprehensive and up-to-

date overview of the evidence for the agreement between automated and manual 

measurement of breast density in the general screening population. 

 

Our findings show that, overall, there is good concordance between automated and 

manual measurement of breast density. Nevertheless, there is considerable variation 

both between automated technologies and within different versions of automated 

software. Robust conclusions are difficult to draw due to the small number of studies 

evaluating similar versions of automated software using comparable BI-RADS 

editions. The largest body of evidence for one type of automated software came from 

studies evaluating Volpara. This is unsurprising given the widespread use of Volpara 

in clinical practice. Our meta-analysis indicates that Volpara is more likely to 

categorise mammograms as dense compared with manual measurement, although 

the difference was not statistically significant.  

 

Most studies reported substantial agreement between automated and manual 

measurements of breast density, suggesting that automated software holds promise 

for its use in clinical practice. However, firm conclusions cannot be made due to the 

heterogeneous nature of the data.  

 

Three studies examined the impact of radiologists’ experience levels on 

agreement.27, 75, 77 Their findings indicate that the agreement between manual and 

automated density measurements is consistent regardless of whether the 

measurements were performed by senior/experienced radiologists or junior/general 

radiologists. This suggests that radiologists’ experience does not influence the level 

of agreement between manual and automated density measurements.  

 

One study indicated that agreement between Volpara and manual density 

assessment is greater for mammograms that contain image distractors.89 The 

authors note that this finding was unexpected and indicates the need for further 
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studies to explore the impact of the image quality of mammograms on automated 

and manual breast density measurement. The same study found that automated 

density assessment with Volpara may take longer than manual assessment, 

although the results were derived from a small study that evaluated 250 

mammograms and it is, therefore, difficult to draw firm conclusions on any 

differences for the time requirements of manual and automated density assessment. 

Nevertheless, the impact on workflow in clinical practice should be considered as 

part of any planned integration of automated technology in radiological services.  

 

A 2024 multi-society paper,93 presenting the views of Radiology Societies in the 

USA, Canada, Europe, Australia, and New Zealand, notes that “exposing radiologists 

to an increasing number of complex interfaces is undesirable, and is liable to 

diminish utility and acceptance of AI tools.”94 The authors of this paper highlight the 

tendency of humans to favour AI-generated decisions over those made by humans, 

a phenomenon known as ‘automation bias’. Automation bias can lead to errors if the 

AI system is incorrect, a risk that may increase when radiologists are fatigued or 

when there is limited capacity to supervise or validate the AI output. The authors also 

emphasise that this issue has broader implications, particularly in scenarios where 

autonomous AI systems continue to learn and adapt over time. Such automated 

systems require ongoing monitoring to ensure their performance remains 

satisfactory. This might also apply to situations where new versions of automated 

software are released. The implementation of automated technology in radiological 

clinical practice would need to consider any associated training, strategic, regulatory, 

performance, technical, or economic considerations for the introduction of automated 

technology in radiological clinical practice. 

 

While we have made every effort to ensure that the included studies are 

representative of the UK general breast cancer screening population, including 

contacting authors to clarify the composition of their study samples, confirming the 

eligibility of study populations has been challenging. This difficulty arises because 

the term ‘screening’ is often used interchangeably by study authors to refer to 

imaging for breast cancer detection in the general screening population as well as 

imaging for surveillance to detect recurrent or second primary breast cancer. As a 

result, we cannot rule out with certainty the possibility that some included studies 
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may have study populations with fewer than 60% general screening participants. It is 

also possible that some relevant studies have been excluded because we were 

unable to establish the composition of their populations. 

 

Breast density appears to vary by ethnicity with Asian women, for example, typically 

having denser breasts than non-Asian women.95-98 However, the generalisability of 

our findings for minority ethnic and underserved groups remains uncertain due to the 

poor reporting of participants’ ethnic and socioeconomic characteristics in the 

included studies. Moreover, none of the studies reported data on the inclusion of 

individuals who do not identify as women. This lack of information could be 

problematic if the automated technologies were trained on datasets that exclude 

select groups, potentially introducing bias into their application.93 It is, therefore, 

unclear whether our findings are truly representative of the broader screening 

population, highlighting the need for more inclusive research and transparent 

reporting.  
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Appendix 1 — Search strategy 

Electronic databases 

Search Terms 

 
Ovid MEDLINE(R) and Epub Ahead of Print, In-Process, In-Data-Review & Other 
Non-Indexed Citations, Daily and Versions <1946 to March 29, 2024> 
 
1 breast density/ 1628 
2 ((breast or mammograph*) adj5 dens*).tw,kf. 6047 
3 1 or 2 6182 
4 (automat* or "semi-automat*" or "computer-assist*" or objective or 
quantitative).tw,kf. 3271110 
5 (Cumulus or ImageJ or "DM-scan" or Densitas or LIBRA or Quantra or SXA or 
Volpara).tw,kf. 12130 
6 Radiographic Image Interpretation, Computer-Assisted/ 16126 
7 4 or 5 or 6 3289578 
8 (human or manual or visual or radiologist? or reader? or subjective).tw,kf.
 3861612 
9 (concordance or agreement or compar* or correlat* or kappa or "Bland-
Altman" or "reference standard" or "gold standard" or sensitivity or specificity or 
accuracy or AUC or ("area under" adj5 curve)).tw,kf. 9736279 
10 3 and 7 and 8 and 9 502 
11 limit 10 to yr="2014 -Current" 321 
 
 
Embase <1974 to 2024 Week 13> 
 
1 breast density/ 4090 
2 ((breast or mammograph*) adj5 dens*).tw,kf. 8523 
3 1 or 2 9463 
4 (automat* or "semi-automat*" or "computer-assist*" or objective or 
quantitative).tw,kf. 4801827 
5 (Cumulus or ImageJ or "DM-scan" or Densitas or LIBRA or Quantra or SXA or 
Volpara).tw,kf. 20331 
6 exp *computer assisted diagnosis/ 334358 
7 4 or 5 or 6 5070426 
8 (human or manual or visual or radiologist? or reader? or subjective).tw,kf.
 4788455 
9 (concordance or agreement or compar* or correlat* or kappa or "Bland-
Altman" or "reference standard" or "gold standard" or sensitivity or specificity or 
accuracy or AUC or ("area under" adj5 curve)).tw,kf. 12763430 
10 3 and 7 and 8 and 9 820 
11 limit 10 to yr="2014 -Current" 566 
12 conference abstract.pt. 5093636 
13 11 not 12 471 
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Cochrane Library 
 
ID Search Hits 
#1 MeSH descriptor: [Breast Density] this term only 80 
#2 (breast or mammograph*) near/5 dens* 1116 
#3 #1 or #2 1116 
#4 automat* or (semi next automat*) or (computer next assist*) or objective or 
quantitative 416441 
#5 Cumulus or ImageJ or "DM-scan" or Densitas or LIBRA or Quantra or SXA or 
Volpara 829 
#6 MeSH descriptor: [Radiographic Image Interpretation, Computer-Assisted] this 
term only 601 
#7 #4 or #5 or #6 417005 
#8 human or manual or visual or radiologist? or reader? or subjective 920312 
#9 concordance or agreement or compar* or correlat* or kappa or "Bland-
Altman" or "reference standard" or "gold standard" or sensitivity or specificity or 
accuracy or AUC or ("area under" adj5 curve) 1104385 
#10 #3 and #7 and #8 and #9 152 
#11 2014-24 CDSR: 6; CENTRAL 81 
 
 
Web of Science: SCI 
 
1: (breast or mammograph*) near/5 dens*  (Topic) Results: 7981 
2: automat* or "semi-automat*" or "computer-assist*" or objective or quantitative  
(Topic) 4460752 
3: Cumulus or ImageJ or "DM-scan" or Densitas or LIBRA or Quantra or SXA or 
Volpara  (Topic) 21981 
4: #2 OR #34478810 
5: human or manual or visual or radiologist$ or reader$ or subjective  (Topic)
 4993190 
6: concordance or agreement or compar* or correlat* or kappa or "Bland-Altman" or 
"reference standard" or "gold standard" or sensitivity or specificity or accuracy or 
AUC or ("area under" near/5 curve)  (Topic) 14542525 
7: #1 AND #4 AND #5 AND#6 572 
8: #1 AND #4 AND #5 AND #6 and 2024 or 2023 or 2022 or 2021 or 2020 or 2019 or 
2018 or 2017 or 2016 or 2015 or 2014 (Publication Years) 370 
 
 
Scopus 
 
( TITLE-ABS-KEY ( ( breast OR mammograph* ) W/5 dens* W/5 ( measur* OR 
assess* OR stratif* OR classif* ) ) ) AND ( TITLE-ABS-KEY ( automat* OR "semi-
automat*" OR "computer-assist*" OR objective OR quantitative OR cumulus OR 
imagej OR "dm-scan" OR densitas OR libra OR quantra OR sxa OR volpara ) ) AND 
( TITLE-ABS-KEY ( human OR manual OR visual OR radiologist$ OR reader$ OR 
subjective ) ) AND ( TITLE-ABS-KEY ( concordance OR agreement OR compar* OR 
correlat* OR kappa OR "bland-altman" OR "reference standard" OR "gold standard" 
OR sensitivity OR specificity OR accuracy OR auc OR ( "area under" W/5 curve ) ) ) 
AND PUBYEAR > 2013 AND PUBYEAR < 2025 
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Appendix 2 — Included and excluded 
studies 

PRISMA 2020 flow diagram for new systematic reviews which 

included searches of databases and registers only 
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Appendix 3 — Summary and appraisal of individual studies 

Data Extraction  

Table 4 Characteristics of the included studies  
 

Study ID Authors associated with 
automated software 
development or declared 
relationship with software 
developer 

Date when 
mammograms 
were taken 

Name of 
centre(s) or 
database(s) 
providing 
mammography 
images 

Participant 
demographics 

Population and eligibility criteria 

Alomaim 
202089 

 

UK and USA 

No NR NR Age: NR 

 

Ethnicity: NR 

The cases were collected as part of previous 
research from 18 centres in a national 
breast screening programme 

 

Exclusion criteria were not reported 

Aloufi 202288 

 

Saudi Arabia 

No 2012 to 2018 Saudi National 
Breast Cancer 
Screening 
Programme 
(SNBCSP) 

Age, years, 
median (IQR): 50 
(45-55) 

 

Ethnicity: NR  

All mammograms were obtained from 
women attending the Saudi National Breast 
Cancer Screening Programme (SNBCSP). 

 

Participants younger than screening age (40 
years) and older than 75 years. Thirteen 
(0.4%) participants were excluded due to an 
error in the Volpara output indicating a 
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mosaic image or because they had an extra 
mammographic image for any screening 
view 

 

 

Anguloa 
201583 

 

Peru 

Yes, the authors were involved 
in developing the automated 
software 

NR Three medical 
centres in Lima 

Age, years, mean, 
(SD), range: 56.7 
(9.5), 31 to 86 

 

Ethnicity: NR 

All participants underwent routine breast 
cancer screening. 

 

Participants with detected pathologies were 
excluded 

 

 

Fonseca 
201584 

 

Peru 

Yes. The fifth author, Joseph 
Pinto, is an author on the two 
studies cited for the 
development of the algorithm 

NR Two medical 
centres in Lima 

Age, years, mean, 
(SD): 56.7 (9.5) 

 

Ethnicity: NR 

All participants underwent routine breast 
cancer screening 

 

Exclusion criteria were not reported 

Ekpo 201686 

 

Australia 

No March to July 
2014 

NR Age: NR 

Ethnicity: NR 

All participants underwent screening 
mammography 

 

Exclusion criteria were not reported 
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Eom 201827 

 

Republic of 
Korea 

No January to June 
2016 

Department of 
Radiology and 
Research 
Institute of 
Radiology, 
University of 
Ulsan College of 
Medicine, Asan 
Medical Center, 
Seoul, 

Age, years, mean, 
range: 52.9, 30 to 
89 

 

Ethnicity: NR 

Mammograms are reported as a set of 
screening mammograms 

 

Participants with a history of breast surgery, 
augmentation, or foreign body injections 
were excluded 

Fieselmann 
201971 

 

Sweden 

Yes. Kristina Lång, Hanna 
Sartor, and Sophia Zackrisson 
received grants and speaking 
fees from Siemens Healthcare 
GmbH. Andreas Fieselmann, 
Steffen Kappler, Thomas 
Mertelmeier, and Ludwig 
Ritschl are employed by 
Siemens Healthcare GmbH. 
Siemens Healthcare GmbH 
developed the automated 
software 

NR Mälmo Breast 
Tomosynthesis 
Screening Trial 
(MBTST) 

Age, years, mean, 
(SD), range: 57 (9), 
39 to 75 

 

Ethnicity: NR 

All mammograms were obtained from the 
MBTST. The MBTST invited every third women 
aged 40–74 years living in Malmö who were 
invited to mammography screening as part 
of the Sweden national breast cancer 
screening programme. 

 

The MBTST excluded participants if they 
were pregnant or could not speak Swedish 
or English. No study specific exclusion 
criteria are reported 

 

 

Fornvik 
201972 

 

Yes. The authors of the 
manuscript declared 
relationships with the 
following companies: Siemens 

NR Mälmo Breast 
Tomosynthesis 
Screening Trial 
(MBTST) 

Age, years, mean, 
range: 57, 39 to 75 

 

All mammograms were obtained from the 
MBTST.  
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Sweden Healthcare. Siemens provided 
the 
mammography/tomosynthesis 
equipment and VBD software 
prototype. The sponsors 
(Siemens) of the study had no 
role in the design and 
performance of the study, data 
analyses, or data 
interpretation. One of the co-
authors, AF PhD, Siemens 
Healthcare, provided expertise 
on the software prototype. HS 
and KL received speaker’s fees 
and travel grants for talking at 
Siemens seminars 

Ethnicity: NR Out of 14,848 participants in the MBTST, 
4735 women lacked saved raw data, and 
129 participants lacked BI-RADS density 
scores. Seventy-three participants with 
implants were excluded and two 
participants were excluded due to technical 
error in image handling. 

Kaiser 
201956 

 

Sweden 

Yes. The authors developed 
the automated software. 

NR Mälmo Breast 
Tomosynthesis 
Screening Trial 
(MBTST) 

Age: NR 

 

Ethnicity: NR 

All mammograms were obtained from the 
MBTST.  

 

Images with no density classification were 
excluded. 

Sartor 
201673 

 

Sweden 

Volpara sponsored the study 
but had no role in the design 
and performance of the study, 
data analysis, or data 
interpretation 

8th February 
2012 to 11th 
March 2014 

Mälmo Breast 
Tomosynthesis 
Screening Trial 
(MBTST) 

Age, years, mean, 
range: 58, 40 to 76 

 

Ethnicity: NR 

All mammograms were obtained from the 
MBTST. 

 

Examinations from participants with breast 
cancer with at least 10 months of follow up 
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and examinations with previously known 
breast implants were excluded 

Timberg 
201674 

 

Sweden 

Yes. The authors developed 
the automated algorithm 

NR 

Participants in 
the MBTST 
were recruited 
between 27th 
January 2010 
and 13th 
February 2015 

Mälmo Breast 
Tomosynthesis 
Screening Trial 
(MBTST) 

Age, years, mean, 
(SD): 57 (4) 

 

Ethnicity: NR 

A random sample of mammograms were 
taken from the MBTST 

Gemici 
202026 

 

Turkey 

No May 2014 to 
May 2015 

NR Age, years, mean, 
(SD): 52.4 (8.3) 

 

Ethnicity: NR 

All mammograms were described as 
screening mammograms of women who 
participated in a community based 
mammographic screening programme for 
the first time. 

 

Healthy women in the 40-69 age group who 
participated in the population based 
mammographic screening programme were 
eligible 

 

Holland 
201675 

 

K Holland, J van Zelst and M 
Imhof-Tas have nothing to 
disclose. GJ den Heeten is 
founder of Sigma screening, a 
spin company of the 
Academic Medical Centre 

2003 to 2012 NR Age, years, mean, 
(SD): 58.8 (6.7) 

 

Ethnicity: NR 

All participants were recruited from the 
Dutch breast cancer screening programme. 
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The 
Netherlands 

Amsterdam. RM Mann is 
connected to the Speaker 
Bureau of the Bayer AG. CH 
van Gils is principal 
investigator of a trial that is 
financially supported by Bayer 
AG and for which Volpara 
Health Technologies has 
provided Volpara software. N 
Karssemeijer is shareholder of 
Volpara Health Technologies, 
consultant and shareholder of 
QView Medical Inc, and 
director and shareholder of 
ScreenPoint Medical BV. 

Participants with a prior and current exam 
were randomly selected from the Dutch 
breast cancer screening programme. 

Le Boulc’h 
202077  

France 

 

No 1st January 
2019 to 28th 
February 2019 

Department of 
Radiology, Tenon 
Hospital, AP-HP 
Sorbonne 
University  

Age, years, mean, 
(SD), range: 55.6 
(8.5), 40 to 74 

 

Ethnicity: NR 

All participants had no personal history of 
breast cancer and underwent routine 
mammography. 

 

Exclusions included high risk of breast 
cancer, including BRCA mutations serous 
ovarian cancer) or a personal history of 
radiotherapy for lymphoma, personal history 
of breast cancer and high-risk breast 
lesions, breast implants, incomplete risk 
factor data, mammographic artefacts or 
technical problems.  
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Lee 202282 

 

Republic of 
Korea 

No March to May 
2020 

Yongin 
Severance 
Hospital 

Age, years, mean, 
(SD): 56.3 (10.9) 

 

Ethnicity, %:  

Asian 100% 

Screening: 91% 

Diagnostic: 9% 

 

Patients with a history of partial 
mastectomy and patients without available 
density data were excluded 

Lee 201879 

 

USA 

RM Nishikawa received 
royalties from and has a 
research contract with 
Hologic, Inc. The authors 
developed the automated 
algorithm 

2007 to 2013 University of 
Pittsburgh 
Medical Center 

Age: NR 

Ethnicity: NR 

The authors report that the datasets are of 
"screening mammograms" 

 

Exclusion criteria were not reported. 

Lee 201517 

 

Republic of 
Korea 

No February 2011 
to September 
2012 

NR Age, years, mean, 
(SD), range: 54.7 
(10.2), 26 to 89 

 

Ethnicity: NR 

Screening: 88.4% 

Diagnostic: 11.6% 

 

Exclusion criteria were not reported. 

Lehman 
201933 

 

USA 

The authors declared no 
relevant relationships related 
to the present article. The 
authors' institutions have 
submitted a patent for the 
density algorithm.  

January 2018 
to May 2018  

NR Age, years, mean, 
range: 57.5, 28 to 
92  

 

Ethnicity: NR 

The authors confirmed by email dated 16th 
October 2024 that ≥80% of the study 
sample were from the general screening 
population with no previous history of 
breast cancer. 
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 There were no exclusion criteria. 

Osteras 
201678 

 

Norway 

No 22nd 
November 
2010 to 31st 
December 
2011 

Oslo 
Tomosynthesis 
Screening Trial 
(part of The 
Norwegian 
Breast Cancer 
Screening 
Programme 
[NBCSP]) 

Age: NR 

 

Ethnicity: NR 

Mammograms were obtained from The 
Breast Cancer Screening Programme in 
Oslo, which is part of the NBCSP 

 

Participants with pacemaker or implants 
were excluded 

Pavan 201787 

 

Brazil 

Yes. The authors developed 
the automated algorithm 

2013 to 2015 Botucatu 
Medical School 

Age: NR 

 

Ethnicity: NR 

All participants underwent screening 
mammography 

 

Eligible participants were aged ≥18 years, 
had no previous history of breast cancer or 
breast surgery and had a BI-RADS 
assessment of either 1 or 2 (negative or 
benign finding, respectively). 

Pesce 202085 

 

Argentina 

No All were 
conducted in 
February 2019 

Breast Diagnosis 
and Intervention 
Section of the 
Diagnostic 
Imaging 
Department at a 
tertiary hospital 

Age, years, range: 
40 to 90 

 

Ethnicity: NR 

All participants were asymptomatic at the 
time of screening and did not have a 
personal history of breast cancer 

 

Focalised and magnified incidents as well 
as mammograms for patients with a 
personal history of breast surgery (including 
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breast implants) or gigantomastia were 
excluded 

 

Portnow 
202280 

 

USA 

No September 
2012 to 
January 2013 

NR Age: NR 

 

Ethnicity: NR 

The authors report that the datasets are of 
"screening mammograms" 

 

Exclusion criteria were not reported. 

Rigaud 
202229 

 

USA 

Unclear if the authors 
developed the pre-trained 
EfficientNetB0 DL model 

2017 to 2021 NR Age, years, range: 
25 to 80 

All participants were enrolled in a 
prospective breast cancer screening cohort 
at a single academic institution. 

 

Eligible participants had no history of breast 
cancer, no history of treatment for any 
invasive cancer within the last five years, 
25–80 years of age, and no breastfeeding 
within the last six months 

 

 

Singh 201628 

 

India 

No March 2013 to 
April 2014 

NR Age, years, mean, 
(SD), range: 48.8 
(7.07), 36 to 76 

 

Ethnicity: NR 

All mammograms were obtained from 
asymptomatic patients with no with breast 
symptoms, and no previous history of any 
breast surgery. 
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Participants aged less than 35 years, with 
breast symptoms, and with previous history 
of any breast surgery were excluded 

 

van der 
Waal 201576 

 

The 
Netherlands 

GJ den Heeten is a former 
member of the medical 
advisory board of Mātakina 
(owners of Volpara), founder of 
sigmascreening (spin-off 
company Academic Medical 
Centre Amsterdam), and 
consultant of Philips ICT 

During 2013 Nijmegen 
screening unit 

Age: NR 

 

Ethnicity: NR 

All mammograms were taken from 
participants in the Netherlands breast 
cancer screening programme. Retrieval 
dates were chosen at random. 

Ref ID 245 
Youk 202181 

 

Republic of 
Korea 

No January 2016 
to July 2016 

Department of 
Radiology, 
Gangnam 
Severance 
Hospital 

Age, years, mean, 
(SD): 52.7 (10.2) 

 

Ethnicity: NR 

(95%) screening and (5%) diagnostic 
examinations. 1271 (31.8%) women had 
images of a unilateral breast due to prior 
breast cancer surgery on the contralateral 
breast.  

 

Examinations of breast conserving surgery 
or mastectomy for cancer treatment had 
been performed; examinations of 
augmented breasts; and examinations from 
which the software failed to obtain 
volumetric density data were excluded 

IQR, interquartile range; MBTS, Mälmo Breast Tomosynthesis Screening Trial; NBCSP, Norwegian Breast Cancer Screening Programme; not reported; SD, 

standard deviation; SNBCSP, Saudi National Breast Cancer Screening Programme  
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Appraisal for quality and risk of bias 

Table 5 Quality assessment of the included studies  
Study ID 1.Were 

participants a 

representative 

sample 

selected from a 

relevant patient 

population 

  

2. Were the 

inclusion / 

exclusion 

criteria of 

participants 

clearly 

described?  

3.Were 

participants 

entering the 

study at a 

similar point 

in their 

disease 

progression? 

  

4.Was 

selection of 

patients 

consecutive?   

5. Was data 

collection 

undertaken 

prospectively?  

6. Were the 

groups 

comparable on 

demographic 

characteristics 

and clinical 

features?  

7. Was the 

intervention 

and 

comparison 

clearly 

defined?  

8. Was the 

intervention 

undertaken 

by someone 

experienced 

at performing 

the 

procedure?   

9. Were the 

staff, place, 

and facilities 

where the 

patients were 

treated 

appropriate 

for 

performing 

the 

procedure?  

 

  

10. Were 

any of the 

important 

outcomes 

considered 

 

i.e. on 

clinical 

effectivene

ss, cost-

effectivene

ss, or 

learning 

curves?  

11. Were 

objective 

(valid and 

reliable) 

outcome 

measures 

used, 

including 

satisfaction 

scale?  

12. Was the 

assessment 

of main 

outcomes 

blind?  

Alomaim 

202089 

Unclear No Unclear Unclear Yes Yes Yes Yes Yes Yes Yes Unclear 

Aloufi 

202288 

Yes Yes Yes  Unclear Yes Yes Yes Yes Yes Yes Yes Unclear 

Angulo 

201583  

Yes Yes Unclear Unclear Yes Yes Yes Yes Yes Yes Yes Yes  

Eom 

201827 

Unclear Yes Unclear Yes Yes Yes Yes Yes  Yes Yes Yes Yes  

Ekpo 

201699 

Unclear No Unclear Unclear Yes Yes Yes Yes Yes Yes Yes Yes  

Fieselma

nn 201971 

Yes Partial  Unclear Yes Yes Yes Yes Yes Yes Yes Yes Unclear 

Fonseca 

201584 

Yes No Unclear Unclear Yes Yes Yes Yes Yes Yes Yes Yes 

Fornvik 

201972 

Yes Yes  Unclear Yes Yes Yes Yes Yes Yes Yes Yes Unclear 

Gemici 

202026  

Unclear No Unclear Unclear Yes Yes Yes Yes Yes Yes Yes Yes 

Holland 

201675 

Unclear No Unclear Yes Yes Yes Yes Yes Yes Yes Yes Unclear 

Kaiser 

201956 

Yes No Unclear Yes Yes Yes Yes Yes Yes Yes Yes Unclear 
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Le 

Boulc’h 

202077 

Unclear Yes Unclear Yes Yes Yes Yes Yes  Yes Yes Yes Yes 

Lee 

201879 

Unclear No No Unclear Yes Yes Yes Yes Yes Yes Yes Unclear 

Lee 

201617 

Unclear Yes Unclear Unclear Yes Yes Yes Yes Yes Yes Yes Yes  

Lee 

202282 

Unclear No Yes Unclear Yes Yes Yes Yes Yes Yes Yes Yes 

Lehman 

201933 

Yes Yes Unclear Unclear Yes Yes Yes Yes Yes Yes Yes Yes  

Osteras 

201678 

Yes Yes  Unclear Unclear Yes Yes Yes Ye Yes Yes Yes Unclear 

Pavan 

201787 

Unclear Yes Yes  Unclear Yes Yes Yes Yes Yes Yes Yes Unclear 

Pesce 

202085 

Yes  Yes Yes  Unclear Yes Yes Yes Yes Yes Yes Yes Yes  

Portnow 

202280 

Unclear No Unclear Unclear Yes Yes Yes Yes Yes Yes Yes Unclear  

Rigaud 

202229 

Yes No Unclear Yes Yes Yes Yes Yes Yes Yes Yes Unclear 

Sartor 

201673 

Yes Partial  Unclear Yes Yes Yes Yes Yes Yes Yes Yes Unclear 

Singh 

201628 

Unclear Yes Yes  Unclear Yes Yes Yes Yes Yes Yes Yes Unclear 

Timberg 

201674 

Yes No Unclear Yes Yes Yes Yes Yes Yes Yes Yes Unclear 

van der 

Waal 

201576 

Yes Yes Unclear Yes Yes Yes Yes Yes Yes Yes Yes Unclear 

Youk 

202181 

Unclear Yes No Yes Yes Yes Yes Yes Yes Yes Yes Yes 

MBTST, Mälmo Breast Tomosynthesis Screening Trial  
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Appendix 4 – Full-length results tables 

Table 6 Full-length results of the studies evaluating Volpara versus manual measurement of mammographic 
breast density  
 

Study ID Sample size 
used in the 
analysis 

Type of 
mammography 

Automated software version 
and BI-RADS edition 

Density categories, n (%) a 

 
Agreement 
value (95% 
CI) 

Agreement 
interpretation 

A B C D Non-
dense 

Dense 

Gemici 
202026 

379 
mammograms 

FFDM  
Selenia, Hologic 

Volpara version 1.4.2 (n=1399 
mammograms) 
 

n, NR, 
12.7% 

n, NR, 
39.3% 

n, NR, 
34.1% 

n, NR, 
13.9% 

n, NR 
52% b 

n, NR 
48% b 

V 1.4.2 vs 
BI-RADS 4:  
κ -0.41 (NR)  

Poor 
agreement 
 

Volpara version 1.5.1 (n=1399 
mammograms) 
 

n, NR, 
1.2% 

n, NR, 
46% 

n, NR, 
36.8% 

n, NR, 
15.9% 

n, NR 
47.2% b 

n, NR 
52.7 b 

  

BI-RADS 4th edition (n=379 
mammograms) 
Two radiologists with 5 and 8 
years, experience 
 

n, NR, 
25.9% 

n, NR, 
50.9% 

n, NR, 
19.8% 

n, NR, 
3.4% 

n, NR 
76.8% b 

n, NR 
23.2 b 

V1.5.1 vs BI-
RADS 4:  
κ -0.40 (NR) 

Poor 
agreement 

Holland 
201675 

500 
participants; 
1000 
mammograms 

Digital 
mammography 
Lorad Selenia, 
Hologic 

Volpara version 1.5.0 
 
 

NR NR NR NR NR NR 4-way 
density 
Experienced 
radiologists: 
κ 0.73 to 
0.78; 
PhD student: 
κ 0.77 
 
Non-dense 
vs. dense 
Experienced 
radiologists: 
κ 0.63 to 
0.70; 
PhD student: 
κ 0.71 

Substantial 
agreement 
 
 
 
 
 
 
 
Substantial 
agreement 

BI-RADS 4th edition 
Three radiologists (R1, R2 and 
R3) with ≥8 years of 
experience in breast imaging 
and a PhD student (R4) with a 
medical degree and 2 
years’experience 

NR NR NR NR NR NR 
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Rigaud 
202229 

995 
participants 

FFDM 
Selenia 
Dimensions, 
Hologic 

Volpara version 3.4.1 n, NR, 
13%  

n, NR, 
45% 

n, NR, 
30% 

n, NR, 
12% 
 

n, NR 
58% b 

n, NR 
42% b 

κ 0.34 
(range 0.17 
to 0.48); 
Average 
percent 
agreement: 
56% (range 
43 to 64%) 

Fair 
agreement 

BI-RADS (edition NR) 
7 radiologists with 5-22 years’ 
experience 

n, NR, 
5-39%  

n, NR, 
30-44% 

n, NR, 
21-56% 

n, NR, 
2-7% 

n, NR 
5-40% b 

n, NR 
2-56% b 

van der 
Waal 
201576 

992 
mammograms 

FFDM 
Selenia system, 
Hologic 

Volpara version 1.5.0 
 

261 
(26.3) 

304 
(30.6) 

305 
(30.7) 

122 
(12.3) 
 

565 
(57) b 

427 
(43) b 

κ 0.80 (0.77, 
0.82) 
Proportion 
agreement 
65.4% 
Prediction of 
dense 
category  
AUC: 0.948 
(0.935, 
0.960) 
Accuracy at 
8.0% cut-off 
Sensitivity: 
84%; 
Specificity 
91% 

Substantial 
agreement 

BI-RADS 5th edition 
3 experienced radiologists 

177 
(17.8) 

410 
(41.3) 

294 
(29.6) 

111 
(11.2) 

587 
(59.2) b 

405 
(40.8) b 

Youk 
202181 

4000 
participants 

FFDM 
Lorad Selenia, 
Hologic 

Volpara version 3.1 
 

6 (0.2) 838 
(21.0) 

1542 
(38.6) 

1614 
(40.4) 

844 
(21.1) b 

3156 
(78.9) b 

κ 0.48 (0.46, 
0.50)  

Moderate 
agreement 

BI-RADS 5th edition 
Three radiologists with 7, 10 
and 14 years’ experience 

201 
(5.0) 

793 
(19.8) 

2418 
(60.5) 

588 
(14.7) 

994 
(24.9) b 

3006 
(75.1) b 

Eom 
201827 

1000 
participants 

FFDM 
Senographe DS, 
GE Healthcare 

Volpara version 1.5.12 
 
 

67 (6.7) 247 
(24.7) 

391 
(39.1) 

295 
(29.5) 

314 
(31.4) 

686 
(68.6) 

Expert 
radiologists: 
κ 0.77 (0.75, 
0.80); 
General 
radiologists: 
κ 0.71 (0.68, 
0.74) 
 
Non-dense 
vs. dense 
Expert 
radiologists: 

Substantial 
agreement 
 
 
 
Substantial 
agreement 
 
 
 
 
Almost perfect 
agreement 

BI-RADS (edition NR) 
Two breast-imaging experts 
with >5 years’experience 
 

67 (6.7) 247 
(24.7) 

476 
(47.6) 

210 
(21.0) 

314 
(31.4) 

686 
(68.6) 

BI-RADS (edition NR) 
Two general radiologists with 
<5 years of experience 

25 (2.5) 209 
(20.9) 

381 
(38.1) 

385 
(38.5) 

234 
(23.4) 

766 
(76.6) 
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κ 0.83 (0.80, 
0.87) 
 
General 
radiologists: 
κ 0.73 (0.68, 
0.77) 

 
 
 
 
Substantial 
agreement 
 

Lee 201517 860 
participants 

FFDM 
Senographe DS; 
GE Healthcare 

Volpara version 1.5.1 73 (8.5) 
 

255 
(29.7) 

337 
(39.2) 

195 
(22.7) 

328 
(38.1) b 

532 
(61.9) b 

κ 0.80 (0.77, 
0.83) 
 
ρ 0.86 (NR) 
P<0.0001 

Substantial 
agreement 

BI-RADS 4th edition 
One radiologist with 6 years’ 
experience 

68 (7.9) 274 
(31.9) 

307 
(35.7) 

211 
(24.5) 

342 
(39.8) b 

518 
(60.2) b 

Lee 202282 488 
participants 
 
488 
mammograms 

FFDM 
Senographe 
Pristina, GE 
Healthcare  

Volpara version 3.4.1 16 (3.3) 131 
(26.8) 

199 
(40.8) 

142 
(29.1) 

147 
(30.1) b 

341 
(69.9) b 

4-way 
density:  
κ 0.50  
(0.45, 0.56)  
 
Non-dense 
vs. dense:  
κ 0.56 (0.48, 
0.65) 
 

Moderate 
agreement 
 
 
 
 
Moderate 
agreement 

BI-RADS 5th edition 
Three radiologists with 2, 10, 
and 25 years’ experience  

3 (0.6) 88 (18) 334 
(68.5) 

63 
(12.9) 

91 
(18.6) b 

397 
(81.4) b 

Portnow 
202280 

200 
mammograms 

FFDM 
Senograph ES 
and Senograph 
DS, GE 
Healthcare 

Volpara version 1.5.1 
 

NR NR NR NR NR NR Non-dense 
vs dense 
V 1.5.1 vs. 
BI-RADS 4: 
κ 0.68 to 
0.83 
 
 
V 1.5.2 vs. 
BI-RADS 5: 
κ 0.76 to 
0.85 

Substantial 
agreement 
 
 
 
 
 
 
 
Substantial 
agreement 

BI-RADS 4th edition 
Six radiologists with 23-30 
years’ experience 

NR NR NR NR n, NR, 
52% 

n, NR, 
48% 

Volpara version 1.5.2 
 

NR NR NR NR NR NR 

BI-RADS 5th edition 
Six radiologists with 23-30 
years’ experience 

NR NR NR NR n, NR, 
43% 

n, NR, 
57% 

Sartor 
201673 

8426 
participants; 
8426 
mammograms 

Digital 
mammography, 
Mammomat 
Inspiration, 
Siemens AG 

Volpara version 1.5.11 1763 
(20.9) 

2708 
(32.1) 

2650 
(31.5) 

1305 
(15.5) 

4471 
(53.1) b 

3955 
(46.9) b 

κ 0.55 (0.53, 
0.56) 

Moderate 
agreement 

BI-RADS 4th edition 
five breast radiologists with 
>10 years’ experience 

1378 
(16.4) 

3445 
(40.9) 

2967 
(35.2) 

636 
(7.5) 

4823 
(57.2) b 

3603 
(42.8) b 

Singh 
201628 

476 
participants 

FFDM Volpara version 1.4.5 
 

148 
(31.1) 

131 
(27.5) 

164 
(34.5) 

33 (6.9) 279 
(58.6) b 

197 
(41.4) b 

Observer 1: 
ρ 0.73 

Strong 
agreement 
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MicroDose SI, 
Philips 

BI-RADS 4th edition 
Observer 1 (1/2 radiologists 
with 5–10 years’ experience) 

159 
(33.4) 

212 
(44.5) 

98 
(20.6) 

7 (1.5) 371 
(77.9) b 

105 
(22.1) b 

 
Observer 2: 
ρ 0.73 

 
Strong 
agreement 

BI-RADS 4th edition 
Observer 2 (1/2 radiologists 
with 5–10 years’ experience) 

163 
(34.2) 

220 
(46.2) 

90 
(18.9) 

3 (0.6) 383 
(80.5) b 

93 
(19.5) b 

Alomaim 
202089 

With 
distractors: 92 
mammograms 
Without 
distractors: 
158 
mammograms 

Digital 
mammography 
(machine NR) 

Volpara version 1.5.0 (n=122 
mammograms) 
 

n, NR, 
16% 

n, NR, 
29% 

n, NR, 
41% 

n, NR, 
14% 

n, NR, 
45% b 

n, NR,  
55% b 

κ 0.66, 
p<0.001  
 
With 
distractors:  
κ 0.67 (NR) 
p<0.001; 
 
Without 
distractors:  
κ 0.52 (NR) 
p<0.001 

Substantial 
agreement 
 
 
Substantial 
agreement 
 
 
 
Moderate 
agreement 

BI-RADS 4th edition (n=122 
mammograms) 
25 USA and 24 UK radiologists 
with >8 years’ experience (UK 
12% ≤1 years’ experience) 

n, NR, 
10% 

n, NR, 
31% 

n, NR, 
31% 

n, NR, 
28% 

n, NR, 
41% b 

n, NR, 
59% b 

Aloufi 
202288 

1022 
participants 

NR 
FFDM was used 
in the SNBCSP 
during the time 
mammography 
was conducted 
during the study 
(from 2012 to 
2018)92 

Volpara version 1.5.5.1 n, NR, 
20.6%  

n, NR, 
50.5%  

n, NR, 
24.4%  

n, NR, 
4.4%  

n, NR, 
71.1% b 

n, NR, 
28.8% b 

4-way 
density 
κ (0.35 
(0.29, 0.39) 
 
Non-dense 
vs.dense 
κ 0.53 (0.47, 
0.60) 

Fair 
agreement 
 
 
 
 
Moderate 
agreement 

BI-RADS 5th edition 
11 radiologists (experience 
NR) 

n, NR, 
17.4%  

n, NR, 
51.1%  

n, NR, 
28.7%  

n, NR, 
2.8%  

n, NR, 
68.5% b 

n, NR, 
31.5% b 

a. A, almost entirely fat; B, scattered fibroglanduar densities; C, heterogeneously dense; D, extremely dense; b. values were manually calculated by summing A+B and C+D 
Aktiengesellschaft (AG); AUC, area under the curve; FFDM, full field digital mammography; GE, General Electric, κ, Kappa statistic; NR, not reported; ρ; Spearman’s rank 
correlation coefficient; SE, standard error; SNBCSP, Saudi National Breast Cancer Screening Programme; V, Volpara; vs, versus  

  



UK N S C external review – Automated and manual measurements of mammographic breast density in individuals undergoing breast cancer 
screening [Date of review completion] 

75 
 

Table7 Full-length results of the studies evaluating Quantra versus manual measurement of mammographic breast 
density  

Study ID Sample size 
used in the 
analysis 

Type of 
mammography 

Automated software version 
and BI-RADS edition 

Density categories, n (%) a 

 
Agreement 
value (95% 
CI) 

Agreement 
interpretation 

A B C D Non-
dense 

Dense 

Ekpo 
201686 

292 
participants 
(majority 
report) 

NR 
Selenia 
Dimensions, 
Hologic 

Quantra version 2.0 Unable 
to 
extract 
b 

Unable 
to 
extract 
b 

Unable 
to 
extract 
b 

Unable 
to 
extract 
b 

Unable 
to 
extract 
b 

Unable 
to 
extract 
b 

Majority report 
4-way density  
κ 0.79 (0.75, 
0.84);  
 
 

Substantial 
agreement 
 
 
 
 
 
 
 

BI-RADS 4th edition 
3 RANZCR-certified breast 
radiologists (majority report – 
consensus of 2/3) 

28 (9.6) 103 
(35.3) 

79 
(27.1) 

82 
(28.1) 

131 
(44.9) c 

161 
(55.1) c 

Non-dense 
vs.dense  
κ 0.84 (0.79, 
0.87); 
Sensitivity: 
91.3%; 
Specificity 
83.6%; AUC: 
0.89 (0.82, 
0.91) 
 

Almost perfect 
agreement 

Osteras 
201678 

537 
mammograms 

FFDM 
Selenia 
Dimensions, 
Hologic 

Quantra version 2.0 
 
 

NR NR NR NR NR NR κ 0.73 (0.67, 
0.79) 

Substantial 
agreement 

BI-RADS 4th edition 
five radiologists 
with 1 to 34 years’ experience 

73 
(13.6) 

220 
(41.0) 

188 
(35.0) 

56 
(10.4) 

293 
(54.6) c 

244 
(45.4) c 

van der 
Waal 
201576 

992 
mammograms 

FFDM 
Selenia system, 
Hologic 

Quantra version 1.3 
 

NR NR NR NR NR NR Prediction of 
dense 
category  
AUC: 0.98 
(0.94, 0.96) 

Excellent 
agreement 
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 BI-RADS 5th edition 
3 experienced radiologists 

177 
(17.8) 

410 
(41.3) 

294 
(29.6) 

111 
(11.2) 

587 
(59.2) c 

405 
(40.8) c 
 
 

Accuracy at 
13.8% cut-off: 
Sensitivity: 
82%; 
Specificity: 
92%) 

 

Youk 
202181 
 

4000 
participants 

FFDM 
Lorad Selenia, 
Hologic 

Quantra version 2.1.1 
 
 

216 
(5.4) 

1622 
(40.6) 

1725 
(43.1) 

437 
(10.9) 

1838 
(46) c 

2162 
(54) c 

κ 0.54 (0.52, 
0.56) 
 

Moderate 
agreement 

BI-RADS 5th edition 
Three radiologists with 7, 10 
and 14 years’ experience 
 

201 
(5.0) 

793 
(19.8) 

2418 
(60.5) 

588 
(14.7) 

994 
(24.9) c 

3006 
(75.1) c 

a. A, almost entirely fat; B, scattered fibroglanduar densities; C, heterogeneously dense; D, extremely dense; b. data were reported in graph format. Data extraction of graph 
data using Webplot digitizer version 4 was attempted but was unreliable and data are, therefore, not presented; c. values were manually calculated by summing A+B and C+D  
AUC, area under the curve; FFDM, full field digital mammography; κ, Kappa statistic; NR, not reported; ρ; Spearman’s rank correlation coefficient; RANZCR, Royal Australian 
and New Zealand College of Radiology; SE, standard error; vs, versus 
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Table 8 Full-length results of the studies evaluating individual automated software versus manual measurement of 
mammographic breast density   
 

Study ID Sample size 
used in the 
analysis 

Type of 
mammography 

Automated software version 
and BI-RADS edition 

Density categories, n (%) a 

 
Agreement 
value (95% 
CI) 

Agreement 
interpretation 

A B C D Non-
dense 

Dense 

Le Boulc’h 
202077 

311 
participants 

FFDM, Selenia 
Dimensions, 
Hologic 

DenSeeMammo® 25 (8) 114 
(37) 

151 
(49) 

21 (7) 139 
(44.7) 

172 
(55.3) 

DenSee 
Mammo vs. 
BIRADS 5, 
senior 
radiologist 
κ 0.79 (0.74, 
0.84) 

Substantial 
agreement 
 

BI-RADS 5th edition, junior 
radiologist with 1 year’s 
experience 

33 (11) 104 
(33) 

159 
(51) 

15 (5) 137 
(44.1) 

174 
(55.9) 

 
DenSee 
Mammo vs. 
BI-RADS 5, 
junior 
radiologist 
κ 0.76 (0.71, 
0.82) 

 
Substantial 
agreement 

BI-RADS 5th edition, senior 
radiologist with 5 years’ 
experience 

28 (9) 122 
(39) 

151 
(49) 

10 (3) 150 
(48.2) 

161 
(51.8) 

Lee 201879 182 
mammograms 

FFDM, Model NR, 
Hologic 

Deep Learning algorithm 
 

NR NR NR NR NR NR DL vs BIRADS 
4 (averaged 
CC-MLO 
views) 

⸀ 0.85 (0.80, 
0.89) 
 
LIBRA vs 
BIRADS 4 
(averaged CC-
MLO views) 

⸀ 0.69 (0.55, 
0.77) 
 

Highly 
correlated 
 
 
 
 
 
 
Moderately 
correlated 

LIBRA 
 

NR NR NR NR NR NR 

BI-RADS 4th edition 
Number and experience of the 
radiologists NR 

30 
(16.5) 

44 
(24.2) 

56 
(30.8) 

52 
(28.5) 

74 
(40.7) 

108 
(59.3) 

Rigaud 
202229 

995 
participants 

EfficientNetB0 deep learning NR NR NR NR NR NR  
 



UK N S C external review – Automated and manual measurements of mammographic breast density in individuals undergoing breast cancer 
screening [Date of review completion] 

78 
 

FFDM, Selenia 
Dimensions, 
Hologic 

BI-RADS (edition NR) 
7 radiologists with 5-22 years’ 
experience 

n, NR, 
5-39%  

n, NR, 
30-44% 

n, NR, 
21-56% 

n, NR, 
2-7% 

n, NR, 
5-44% 

n, NR, 
2-56% 

For 
processing 
images 
4-way density 
Without 
clinical history 
κ 0.61; 
With clinical 
history κ 0.61 
 
Non-dense vs. 
dense 
Without 
clinical history  
κ 0.70;  
With clinical 
history  
κ  0.71 
 
For 
presentation 
images 
4-way density 
Without 
clinical history  
κ 0.66;  
With clinical 
history  
κ 0.66  
 
Non-dense vs. 
dense 
Without 
clinical history  
κ 0.75;  
With clinical 
history  
κ 0.75 
 

 
 
Substantial 
agreement 
 
 
 
 
 
 
 
 
Substantial 
agreement 
 
 
 
 
 
 
 
 
 
Substantial 
agreement 
 
 
 
 
 
 
 
Substantial 
agreement 

Fonseca 
201584 

1157 
participants 

Digital 
mammography, 
Selenia 

HT-L3 convolutional network 
with a support vector 
machines classifier 

NR NR NR NR NR NR κ 0.58 
 

Moderate 
agreement 
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Dimensions, 
Hologic 

BI-RADS 3rd edition 
seven radiologists 5 to 25 
years’ experience 

NR NR NR NR NR NR Average 
accuracy 
73.05% 

Anguloa 
201583 

1050 b 
mammograms  

Digital 
mammography,  
Selenia 
Dimensions, 
Hologic (16% 
mammograms); 
Mammomat 3000, 
Siemens Medical 
(84% 
mammograms) 

Principal component analysis NR NR NR NR NR NR κ 0.44 Moderate 
agreement 

BI-RADS (edition NR) 
Eight expert radiologists with 
varying experience 
(mean 8.9 years (SD 6.2 
years) experience) 

263 
(25) 

530 
(50.5) 

198 
(18.9) 

59 (5.6) 793 
(75.5) 

257 
(24.5) 

Fieslemann 
201971 

600 
mammograms 

FFDM, 
Mammomat 
Inspiration, 
Siemens 
Healthcare 

Insight BD 132 
(22) 

231 
(38.5) 

180 
(30) 

57 (9.5) 363 
(60.5) 

237 
(39.5) 

4- way density 
κ 0.67 
Percent 
agreement 
69.5% 
 
Non-dense vs. 
dense 
κ 0.76 
Percent 
agreement 
88.5% 
 

Substantial 
agreement 
 
 
 
 
 
 
 
Substantial 
agreement 

BI-RADS 5th edition 
32 experienced radiologists 

97 
(16.2) 

271 
(45.2) 

188 
(31.3) 

44 (7.3) 368 
(61.3) 

232 
(38.7) 

Fornvik 
201972 

9909 
participants 

Digital 
mammography 
 
Mammomat 
Inspiration, 
Siemens 
Healthcare 
 

Automated software (n=9204) 1832 
(18.5) 

3385 
(34.2) 

3080 
(31.1) 

1612 
(16.3) 
 

5217 
(52.7) 

4692 
(47.3) 

κ 0.55 
Percent 
agreement 
57.1% 
 

Moderate 
agreement 

BI-RADS 4th edition 
Five radiologists with >10 
years’ experience (n= 

1475 
(14.9) 

3880 
(39.2) 

3647 
(36.8) 

907 
(9.2) 

5355 
(54) 

4554 
(46) 

Timberg 
201674 

348 
participants 

FFDM, 
Mammomat 
Inspiration, 
Siemens 
Healthcare 

Automated volumetric breast 
density analysis  

NR NR NR NR NR NR κ 0.73 
Percent 
agreement 
70% 
 

Substantial 
agreement 

BI-RADS 5th edition 
Four radiologists 

NR NR NR NR NR NR 
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Lee 202282 488 
participants 
 
488 
mammograms 

FFDM, 
Senographe 
Pristina, GE 
Healthcare 

AI-CAD mean, Lunit INSIGHT 
MMG, version 1.1.4.3 

22 (4.5) 218 
(44.7) 

222 
(45.4) 

26 (5.3) 240 
(49.2) 

248 
(50.8) 

AI-CAD mean 
4-way density 
κ 0.41 (0.36, 
0.47) p=0.002 
 
 
Non-dense vs. 
dense 
κ 0.38 (0.32, 
0.45) p<0.001 
 
AI-CAD max 
4-way density 
κ 0.52 (0.46, 
0.58) p=0.67 
 
Non-dense vs. 
dense 
κ 0.51 (0.43, 
0.58) p=0.037 

 
 
Moderate 
agreement 
 
 
 
 
Fair 
agreement 
 
 
 
Moderate 
agreement 
 
 
 
Moderate 
agreement 

AI-CAD max, Lunit INSIGHT 
MMG, version 1.1.4.3 

13 (2.7) 184 
(37.7) 

247 
(50.6) 

44 (9) 197 
(40.4) 

291 
(59.6) 

BI-RADS 5th edition 
Three radiologists with 2-, 10-, 
and 25-years’ experience  

3 (0.6) 88 (18) 334 
(68.5) 

63 
(12.9) 

91 
(18.6) 

397 
(81.4) 

Pavan 
201787 

30 
mammograms 

Digital 
mammography, 
Senographe 600T, 
GE Healthcare 

Optimizing fuzzy C-means with 
variable compactness 
(FCMVC) 

NR NR NR NR NR NR Non-dense vs. 
dense 
 
FCMVC 
skewness c vs. 
BI-RADS 4 
κ 0.65 
 
FCMVC FTP d 
vs. BI-RADS 4 
κ 0.47 
 
ρ 0.62,  
p <0.001 
 

 
 
 
Substantial 
agreement 
 
 
 
 
Moderate 
agreement 
 
Strongly 
correlated 

BI-RADS 4th edition 
One experienced radiologist 

4 (13.3) 13 
(43.3) 

8 (26.7) 5 (16.7) 17 
(56.7) 

13 
(43.3) 

Alomaim 
202089 

250 
mammograms 

Digital 
mammography, 
machine NR 

Cumulus Hand Delineation 
(HD) 

NR NR NR NR NR NR Cumulus HD 
vs.  
BI-RADS 4 
κ 0.78,  
p <0.001 
 
Image J vs. 
BI-RADS 4 

Substantial 
agreement 
 
 
 
 
 

ImageJ NR NR NR NR NR NR 
 

BI-RADS 4th edition (n=122 
mammograms) 

Image 
set A: 
14%; 
Image 

Image 
set A 
36%; 
Image 

Image 
set A 
36%;  
Image 

Image 
set A 
14%; 
Image 

Image 
set A: 
50%; 
Image 

Image 
set A: 
50%; 
Image 
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25 USA and 24 UK radiologists 
with >8 years’ experience (UK 
12% ≤1 years’ experience) 

set B 
25%; 
Image 
set C 
22%;  
Image 
set D 
17%; 
Image 
set E 
22% 

set B 
17%; 
Image 
set C 
22%; 
Image 
set D 
28%; 
Image 
set E 
25% 

set B 
39%; 
Image 
set C 
39% 
Image 
set D 
39%; 
Image 
set E 
36% 

set B 
19%; 
Image 
set C 
17%; 
Image 
set D 
17%; 
Image 
set E 
17% 

set B 
42%; 
Image 
set C 
44%;  
Image 
set D 
45%; 
Image 
set E 
47% 

set B 
58%; 
Image 
set C 
56%;  
Image 
set D 
56%; 
Image 
set E 
53% 

κ 0.86,  
p <0.001  

Almost perfect 
agreement 

Lehman 
201933 

10763 
mammograms 

Digital 
mammography, 
machine NR 

Deep learning model 
 
 

646 (6) 5597 
(52) 

4305 
(40) 

215 (2) 6243 4520 κ 0.85 (0.84, 
0.86) 
 
4-way density 
Percent 
agreement 
90% (90, 91) 
 
Non-dense vs. 
dense 
Percent 
agreement 
94% (94, 95) 

Almost perfect 
agreement 

BI-RADS 5th edition 
Eight breast imagers with 2–23 
years’ experience 

NR NR NR NR 6031 e 4732 e 

Pesce 
202085 

451 
mammograms 

Digital 
mammography, 
machine NR 

AMULET Innovality 
 
 
 

NR NR NR NR NR NR 4-way density 
κ 0.46 (0.39, 
0.52) 
 
Non-dense vs. 
dense 
κ 0.51 (0.43, 
0.59) 

Moderate 
agreement 
 
 
 
 
Moderate 
agreement 

BI-RADS 5th edition 
Six physicians with an average 
of nine years (range 2 to 18) 
years’ experience 

NR NR NR NR NR NR 

Ref 1501 
Kaiser 
201956 

600 
mammograms 

2D 
mammography, 
machine NR 

Convolutional neural network 
(CNN) 

NR NR NR NR NR NR κ 0.75 
Percent 
agreement 
88% 

Substantial 
agreement 

BI-RADS 5th edition 
32 radiologists (experience 
NR) 

NR NR NR NR NR NR 

a. A, almost entirely fat; B, scattered fibroglanduar densities; C, heterogeneously dense; D, extremely dense; b.  Table 2 in the Anguloa 201583 paper indicates n=1057 
mammograms but the BIRADS data sum to 1050 mammograms; c. The authors based skewness values from an equalized histogram image. “Fat” group has greater 
skewness values than “dense” group; d. The authors assigned a different weight to clusters to calculate the percentage of fibroglandular tissue. The algorithm estimated the 
fibroglandular tissue percentage (FTP) in mammograms. FTP was computed by dividing the fibroglandular tissue area by total breast area; e. values were manually calculated 
by summing A+B and C+D 
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CC; craniocaudal; CNN, convolutional neural network; DL, deep learning; FCMVC, Optimizing fuzzy C-means with variable compactness; FFDM, full field digital 
mammography; FTP, fibroglandular tissue percentage; GE, General Electric; κ, Kappa statistic; MLO, mediolateral oblique; NR, not reported; ρ; Spearman’s rank correlation 
coefficient; SD, standard deviation; SE, standard error; vs, versus 
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Appendix 5 – UK N S C reporting checklist for evidence 

summaries 
All items on the UK N S C Reporting Checklist for Evidence Summaries have been addressed in this report. A summary of the 

checklist, along with the page or pages where each item can be found in this report, is presented in Table 9.  

 

Table 9 – UK NSC reporting checklist for evidence summaries 

Section Item  Page no. 

Title and summaries  

Title Sheet  Identify the review as a UK N S C Evidence summary 1 

Plain English 

summary 

Plain English description of the executive summary. 5 

Executive 

summary 

Structured overview of the whole report. To include: the purpose/aim of the review; 

background; previous recommendations; findings and gaps in the evidence; 

recommendations on the screening that can or cannot be made on the basis of the review 

7 

Introduction and Approach 
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Section Item  Page no. 

Background and 

objectives 

Background – Current policy context and rationale for the current review – for example, 

reference to details of previous reviews, basis for current recommendation, 

recommendations made, gaps identified, drivers for new reviews 

Objectives – What are the questions the current evidence summary intends to answer? – 

statement of the key questions for the current evidence summary, criteria they address, and 

number of studies included per question, description of the overall results of the literature 

search. 

Method – briefly outline the rapid review methods used.  

11-13 

Eligibility for 

inclusion in the 

review 

State all criteria for inclusion and exclusion of studies to the review clearly(PICO, dates, 

language, study type, publication type, publication status etc.) To be decided a priori 

15-18 

 Appraisal for 

quality/ risk of 

bias tool 

Details of tool/ checklist used to assess quality, e.g. QUADAS 2, CASP, SIGN, AMSTAR. 19 

Search strategy and study selection 

Databases/ 

sources 

searched 

Give details of all databases searched (including platform/ interface and coverage dates) 

and date of final search. 

15-16 
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Section Item  Page no. 

Search strategy 

and results  

Present the full search strategy for at least one database(usually a version of Medline), 

including limits and search filters if used.  

Provide details of the total number of (results from each database searched), number of 

duplicates removed, and the final number of unique records to consider for inclusion. 

36-38, 39 

Study selection State the process for selecting studies – inclusion and exclusion criteria, number of studies 

screened by title/abstract and full text, number of reviewers, any cross checking carried out. 

16-17 

Study level reporting of results (for each key question) 
Study level 

reporting, 

results and risk 

of bias 

assessment 

For each study, produce a table that includes the full citation and a summary of the data 

relevant to the question (for example, study size, PICO, follow-up period, outcomes reported, 

statistical analyses etc.). 

Provide a simple summary of key measures, effect estimates and confidence intervals for 

each study where available. 

For each study, present the results of any assessment of quality/risk of bias. 

26-29, 31, 59-68, 
69-70, 71-82 

Additional 

analyses 

Describe additional analyses (for example, sensitivity, specificity, PPV, etc.) carried out by 

the reviewer. [Remove if not performed] 

19, 24-25 

Question level synthesis 
Description of 

the evidence  

For each question, give numbers of studies screened, assessed for eligibility, and inclusion 

in the review, with summary reasons for exclusion  

21, 38, 42-58 
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Section Item  Page no. 

Combining and 

presenting the 

findings 

Provide a balanced discussion of the body of evidence which avoids over reliance on one 

study or set of studies. Consideration of four compartments should inform the reviewer’s 

judgement on whether the criterion is “met”, “not met” or “uncertain”: quantity; quality; 

applicability and consistency. 

33-35 

Summary of 

findings 

Provide a description of the evidence reviewed and included for each question, with 

reference to their eligibility for inclusion.  

Summarise the main findings including the quality/ risk of bias issues for each question. 

Have the criteria addressed been “met”, “not met” or "uncertain”? 

33-35 

Review Summary 
Conclusions 

and implications 

for policy 

Do findings indicate whether screening should be recommended?  

IS further work warranted? 

Are there gaps in the evidence highlighted by the review? 

33-35 

Limitations Discuss limitations of the available evidence and of the review methodology if relevant. 34-35 
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