BREAST IMAGING
Artificial Intelligence in
Mammographic Quality Assurance
and Quality Improvement
By Dr. Melissa Hill

Optimal image quality is fundamental for effective breast
screening. The development of powerful AI-based systems
for breast quality assurance has the potential not just to
minimize the number of repeat imaging and patient recalls
but also to greatly improve quality in general. This article
summarises recent studies evaluating one platform of such
AI-based mammographic quality systems, namely that from
Volpara Health.
Among the many promises of artificial
intelligence (AI) to improve radiology
practice is that of the evaluation of mammographic clinical image quality (IQ).
This involves an automated analysis of
IQ features that would otherwise be
manually and subjectively assessed by a
radiographer and/or radiologist.
A study carried out by Taplin et al.,
showed that mammographic sensitivity
fell from 84% to 66% in examinations
where the criteria for optimal positioning
of the breast were not met [1].
It is generally accepted that adequate clinical IQ is critical for optimal diagnostic performance. As a consequence, most mammography quality assurance (QA) guidelines include criteria to ensure that at least
a minimum IQ is attained. If these quality
criteria are not met, it is strongly recommended that a repeat image be acquired,
thus entailing a difficult decision where the
advantage of a repeat examination must be
weighed against the risk associated with
the increased radiation dose. In practice,
for a variety of reasons such as limited
time, suboptimal viewing conditions and
subjective criteria, poor IQ may not be
identified during the exam itself, in which
case a technical recall is usually necessary.
Of course, ideally, such recalls should be
avoided since the additional examination
is costly not just in terms of time and
resources for both the screening service
and the patient, but also because it is
potentially stressful for the patient.
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Consistently high IQ levels are therefore
essential. To ensure this, regular quality
audits are recommended, such as those
proposed by the European Commission QA scheme, which specifies periodic checks of correct breast positioning
and compression, and sets limits on the
acceptable rates of technical repeats [2].
Despite the importance of image quality in screening performance, the criteria
regarding clinical IQ are often highly subjective, and substantial intra- and interrater variabilities have been observed
[3]. Furthermore, comprehensive quality
assessment is time-consuming, so audits
are generally limited to small sample
sizes that may not be representative of
the wider population of women being
screened.
In this context, artificial intelligence (AI)
has an important role to play since not
only can AI automate the clinical evaluation of IQ but can also carry out objective
assessments on each and every image.
Several commercial AI offerings are now
emerging, and health professionals are
rightly asking what role could these algorithms play, and how effectively do they
work?
Volpara Health has an established cloudbased AnalyticsTM platform which has
been deployed at many European, North
American, and Australasian breast clinics. The system uses an AI-enabled
approach to carry out image assessment using TruPGMITM evaluation.
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This method first identifies positioning
deficiencies and then categorizes each
image as Perfect (P), Good (G), Moderate (M), or Inadequate (I), so providing
an overall assessment of image quality
from a positioning perspective. The Volpara TruPGMI system is thus based on a
range of commonly applied positioning
quality criteria. Breast compression quality is evaluated according to the average
compression pressure, with an optimal
range suggested by the findings of Holland et al. [4]. These IQ scores are then
tracked over time, with analytics being
available per exam, per radiographer, per
gantry, and per clinic, for all standard
screening views, namely craniocaudal
(CC) and mediolateral oblique (MLO),
that are acquired by the health organizations and who subscribe to the system.
The question is whether this AI-based
approach can achieve the objective of
optimal evaluation of clinical mammographic image quality? Recent studies are
reinforcing the value of such automated
breast positioning analyses.
At the recent annual conference of the
Italian Group for Screening Mammography (GISMa — Gruppo Italiano per
Screening Mammografico), Dr. Gisella
Gennaro, Medical Physicist in the Breast
Imaging Unit at the Veneto Institute
of Oncology in Padua, Italy, presented
a paper on “Methods for the evaluation
of breast positioning,” which described
the pros and cons of radiographer IQ
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Figure 1. a) Four-view mammogram read by 9 radiographers and Volpara software for clinical image quality. b) Radiographer and TruPGMI scores for the RMLO view. c) A
radar plot displays study-level quantitative radiographer IQ evaluation and the bar plot shows the frequency of these as categorical scores. The majority radiographer score,
Good, agrees with the TruPGMI study-level classification. Image courtesy of Dr. Gisella Gennaro.

Figure 2. Volpara TruPGMI image-level scores among negative cases from the
OPTIMAM database [7] with screening mammographic views that were: (i) identified for technical recall due to a positioning deficiency (n=58 CC, n= 184 MLO);
(ii) identified for technical repeat due to a positioning deficiency at the time of the
screening exam (n=357 CC, n=1777 MLO); and (iii) representative exams with all
views accepted for interpretation (n=2670 CC, n=2670 MLO).
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self-evaluation versus automated analysis, as provided by the Volpara AnalyticsTM platform, which is used at her institute.
Dr. Gennaro commented on the comparison of these two mammographic IQ evaluation methods: “usually a new method is compared with the one currently used, which is considered the reference
standard.” However in such a scenario, it is desirable “that the reference standard has already excellent performance characteristics in
terms of robustness, accuracy and reproducibility.” But the findings
of Dr. Gennarro’s group showed that in fact there was only limited
reproducibility in the radiographers’ self-assessment of IQ. Another
member of the group, Dr. Valentina Bordon reported results which
showed only moderate inter-reader agreement, using Fleiss’ kappa
values, which are statistical measures for assessing the reliability
of agreement between a fixed number of raters. It was found that,
among nine radiographers in Dr. Gennaro’s study who rated 25
cases using the local self-evaluating protocol, the Fleiss’ Kappa value
was only 0.225. (Fleiss’ Kappa values range from 0 to 1, with 0 indicating no agreement at all among the raters and 1 indicating perfect
inter-rater agreement). Figure 1 illustrates the potential variability
in rating the image quality in a typical case taken from the study.
Based on her results, Dr. Gennaro proposed that, “Analytics data
could be used to validate radiographer self-assessments for training; there are real advantages to powerful statistics and monitoring
over time.” But she cautioned that, “despite the efficient automated
assessment of image quality, radiographers must still invest time and
effort to review and understand the evaluations in order to benefit
maximally from the system.”
In another study, Waade et al. used quantitative measurements and
visual assessments as ground truth to evaluate Volpara-derived positioning metrics [5]. They described their results in a paper entitled
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“Assessment of breast positioning criteria in
mammographic screening: Agreement between
artificial intelligence software and radiographers.” [5]. This work reported a range of
agreements from “slight” to “almost perfect”,
with the potential explanations for disagreements highlighting a need for standardized IQ
guidelines and definition.
The development of specific and robust
clinical IQ guidelines has been held back
by a lack of evidence to support the validity of IQ measures. In their recent paper,
Holen et al. describe their work to generate
important data on this aspect using Volpara
software “Visualization of the Nipple in Profile: Does It Really Affect Selected Outcomes in
Organized Mammographic Screening?” [6].
Their use of automated nipple identification enabled analysis of over 87,000 exams,
with the findings suggesting that, in their
screening programme the odds of recall or
the levels of screen-detected cancer are not
affected whether the nipple is imaged in
profile or not.
Until more evidence on the validity of

individual metrics is available, perhaps the
most important question is whether automated
analysis can correctly identify images with
image quality deficiencies that require corrections via repeat, i.e. technical repeats, and
in this way lead to improvement in screening
quality.
In this context, Dr. Brian Drohan presented
a paper “Association of Automated Breast
Positioning Assessment with Technical Repeats
and Recalls in the Nationalized UK Screening
Program,” at RSNA 2021. This work involved
the analysis of images in the UK-based OPTIMAM Mammography Image Database, which
was created specifically to provide a centralized annotated dataset for research [7]. Figure
2 illustrates the results of Dr Drohan’s study,
with image-level TruPGMI scoring on representative negative screening exams from OPTIMAM. These cases are categorized as being
“Accepted”, i.e. accepted without any need for
repeat; as “Technical Repeat (TP)”, i.e. that were
repeated on-site for example because of inadequate positioning; or as a “Technical recall
(TR)”, which involved the recall of the patient.

Among the technical repeats, in 86% of the
MLO views and 77% of the CC views the
image quality was scored as either Moderate or Inadequate. For technical recalls,
the percentages of Moderate or Inadequate
scores in the MLO view were similar at 85%,
whereas in the CC view, the proportion of
such Moderate or Inadequate scores was significantly higher at 97%, perhaps reflecting
a greater likelihood of substantial deficiencies in image quality among technical recall
cases in the light of the barriers involved in
recalling a patient for additional imaging.
The high performance of the AI-based automated systems in identifying deficiencies in
image quality in technical recalls suggests
that the application of IQ assessment right
at the gantry, such as by Volpara LiveTM Software, may help to lower the TR rate. Figure
3 shows an example of a TR case that could
have benefitted from automated quantitative evaluation.
AI-supported mammographic QA is no longer just a promise, but has been proven to
be a means of efficiently supplying robust
data to meet QA requirements, supporting
the professional development radiographers
through ongoing feedback, and also of providing performance evaluations that are the basis
of driving quality improvement in screening
programs.
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Figure 3. Mammogram with right craniocaudal (RCC) view identified for technical recall due to positioning
deficiency. Volpara TruPGMI rated the original RCC as Moderate (M) according to a short posterior nipple line
(PNL) and excessive nipple exaggeration (rotation). The repeated view was scored as Perfect (P), with the CC PNL
increased from 47 mm to 70 mm. Image from the OPTIMAM database [7], with use under license from Cancer
Research Technology.
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