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2 Paper Summary

This paper was a collaboration between DeepMind, Google Health, Imperial College University,
Northwestern Medicine, and several other institutions including National Health System (NHS)
trusts. In their paper, McKinney et al. describe the development of an AI model that predicts
the probability of breast cancer from screening mammography with a degree of accuracy that
is equal, and potentially superior, to human experts[1].

2.1 Background

Breast cancer is the most common type of cancer in women worldwide[2]. When diagnosed
at an early stage survival rates are high, with more than 90% of individuals living more than
five years[2, 3]. Mammography based screening programmes enable earlier detection of cancer
and have a beneficial effect on breast cancer survival[2]. For this reason, many countries have
developed screening programmes to detect breast cancer at an earlier stage. Mammography is
recommended three-yearly for women aged 50-71 in the UK and two-yearly for women aged
40-74 in the United States of America (USA)[4, 5]. In the UK, mammograms are interpreted
by two readers and recalled for further investigations if an abnormality is identified. In the
USA, mammograms are interpreted by one reader.

However, the accuracy of mammography could be improved to reduce the adverse conse-
quences of diagnostic errors. Specifically, false negatives (i.e. a missed cancer) cause delayed
diagnosis and false positives (i.e. flagging a benign lesion) cause unnecessary investigations and
anxiety[6, 7]. Furthermore, a worsening shortage of radiologists needed to interpret mammo-
grams may threaten the efficiency of screening programmes[8]. Previous computational meth-
ods developed to support radiologists to read mammograms such as computer-aided detection
(CAD) software failed to improve the accuracy of mammogram interpretation in real-world
studies [6]. The combination of advances in convolutional neural networks (CNNs) for com-
puter vision and the availability of data from large-scale breast cancer screening programmes
meant several groups began developing artificial intelligence (AI) systems for classifying mam-
mograms.

2.2 Methods

2.2.1 Data

The authors collected two large datasets from the UK and USA with 121,455 and 22,225
individuals respectively. The data consisted of four mammogram images (mediolateral oblique
and craniocaudal views of each breast) and age. For each case, the ground-truth was established
by determining if breast cancer was subsequently diagnosed within the screening interval plus
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three months (figure 1). More concretely, individuals with biopsy confirmed breast cancer in
the 39 (UK) or 27 (US) months following their mammogram were considered positive, and
individuals that had two negative interval mammograms were considered negative. In this
manner, cases were labelled with a diagnosis in a more robust fashion than simply taking the
outcome of the mammogram. By including cancers missed by the screening programme, the
AI model has the potential to surpass human performance. A subset of abnormal images were
also annotated by 6 US radiologists to identify particular regions of interest.

The UK dataset comprised individuals who had breast screening at three NHS sites between
2010 and 2018 that had sufficient metadata and follow-up scans available. The test set was a
subset of the data from two sites between 2012 and 2015. The resulting train/validation/test
splits were 11%/62%/27%. This unusual choice of split ratio was not explained by the authors.
The US dataset was collected from a single site by retrieving the mammograms of all women
who had a breast biopsy between 2001 and 2018, supplemented by a random sample of 5% of
women who had a screening mammogram but no biopsy in the same time period (n=7522).
The dataset was split 55%/15%/30% train/validation/test.

Figure 1: Ground-truth determination strategy. T =36 in the UK and 24 in the USA datasets.
Adapted from figure 1 of [1]

2.2.2 Model

The AI model presented is an ensemble of three CNNs aimed at detecting cancer in a comple-
mentary way. Each model is a binary classifier that outputs a predicted probability of breast
cancer, and the final score is the mean of the three predictions[1].

The first model, referred to as the lesion model, detects suspicious regions within each
breast. The second model, the breast model, predicts the per-breast likelihood of cancer using
the two mammogram views of each breast. The third model, the full case model, assess all four
mammographic views together to create a per-case cancer classification.

The lesion model uses a RetinaNet[9] to detect and extract the ten most suspicious regions
from the four mammogram images and classifies each region with MobileNetV2[10]. These
region-wise cancer predictions are then aggregated using a Noisy-OR function[11] to give a case
level prediction. The RetinaNet was trained using region of interest annotations provided by
the US radiologists. Both the breast model and full case model use ResNet architectures. The
breast model uses ResNet-V2-50[12] to provide a per-breast cancer prediction, after which the
highest prediction is outputted. The full case model is a ResNet-V1-50[13].

Neural network parameters were initially set from ImageNet pre-trained where possible, and
data augmentation techniques were applied to each image or region in the lesion model. During
training, cancer cases were oversampled to address class imbalance.
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2.3 Results

The primary results are shown in figure 2. The Area Under the Receiver Operating Charac-
teristic Curve (AUC-ROC) for the AI model was 0.89 in the UK test set and 0.81 in the US
test set. The authors reported that by varying the operating point of the model (i-iii in figure
2), it performed superiorly to the mean first reader, and non-inferiorly to the mean second
reader and consensus opinion (the final conclusion in the case of disagreement between the two
readers). The AUC in the US test set improved by 0.05 when trained on both US and UK data
compared to training on the US data alone.

Figure 2: ROC curves for the AI model performance with human reader performance plotted
for the UK (a) and USA (b) test data. a, UK AUC is 0.889 (95% confidence interval 0.871-
0.907; n=25,856 patients). Inset shows the magnification of the grey area. b, USA AUC is
0.8107 (95% confidence interval 0.791-0.831; n=3,097 patients) when trained on UK and US
data (solid line) and 0.757 (95% confidence interval 0.732-0.780) when trained on only US data
(dotted line) [1]

. .

The report also detailed a comparison of the AI model to six individual US readers on a
small subset of the US test set (n=465). They compared the model AUC to a derived AUC for
each individual reader based on the Breast Imaging Reporting and Data System (BI-RADS)
scores assigned to the cases by each reader. The authors reported the AI model had an AUC
of 0.74; an increase of 0.115 compared to the average performance of the six radiologists.

3 Critique and Discussion

3.1 Strengths

This paper had many key strengths. In particular, the timely application of advances in ma-
chine vision with an important healthcare problem meant this paper attracted considerable
attention, being accessed over 110,000 times and having 1693 citations as of March 2025. Ap-
plying state of the art CNN architectures to healthcare had resulted in human level diagnostic
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performance in dermatology and ophthalmology[14, 15]. At the time, mammography remained
a difficult problem for AI due to the small sample sizes of publicly available datasets, large file
sizes meaning difficulty in implementing efficient training, and the mixture of film and digital
images[16]. McKinney et al. were the first researchers to use the large OPTIMAM database
for AI, and were the first to report super-human level performance.

Beyond the author’s ability to access a large, well curated dataset, they also achieved a
better ground truth compared to previous work[17]. The most comparable published work used
histology reports from biopsies performed within 120 days of mammography to assign positive
cases[17]. All other cases were labelled as negative[17]. McKinney et al. used a longer follow-up
period, ensuring that all cancers diagnosed between mammography could be captured. In this
way, the authors trained their AI model under real-world screening conditions. As women in
the UK have mammography three yearly, it is crucial that any AI model can accurately predict
the change of malignancy within this time period, not just after 120 days. McKinney et al. also
labelled negative cases in the presence of two negative mammograms, not simply the absence
of a positive biopsy as Wu et al. did[17].

3.2 Limitations

Whilst this work achieved state of the art performance in breast cancer prediction, it came
under heavy scrutiny for a lack of transparency and reproducibility in its methodological re-
porting. In an article published in October 2020 alongside the author’s response, Haibe-Kains
et al. criticised the limited description of the models, the lack of code availability, and that
neither the trained model or the US dataset would be made available to the public or other
researchers[18]. Specifically, Haibe-Kains et al. pointed out certain hyperparameters (e.g.
learning rate, optimizer, number of training epochs) were not reported for all models, and that
the image augmentation and data preprocessing strategy were not explained[18].

McKinney et al. argued that the majority of the code was not of scientific value and
that releasing the full trained model could pose a risk to patient safety if used in an improper
context[19]. In contrast, similar work released in pre-print prior to the submission of McKinney
et al.’s work made their full model available with all of the code used for training[17]. This
provided an opportunity for McKinney et al. to compare the performance of their model to
another AI model, but this was not done.

The study could also have been strengthened in other areas. The authors did not explain
the reasoning behind their model architecture and did not report the performance of each part
of the ensemble with an ablation study. In common with other work, no detailed demographic
information (e.g. ethnicity, employment, education level) were reported and no experiments
assessing bias or fairness were performed.

The AI model was compared to human experts by plotting the mean human performance
on the AUC curve. Whilst this is common practice in many medical prediction tasks, some
have argued that AUC is not a good comparison to human performance, as AUC summarises
model performance over a range of operating thresholds which mean human performance does
not[20]. Other work attempted to address this by asking radiologists to assign a confidence
score to their mammogram interpretation to represent the operating threshold for each human
reader[17]. They also surveyed a larger number (14 vs. 6) of readers, and required readers to
review more mammograms (720 vs. 465)[1, 17]. The authors conclude that their model exceeds
the performance of expert radiologists based on the difference in specificity and sensitivity of
the model compared to the mean first reader, however it is not possible to confidently conclude
this given the shortcomings in comparing an AUC to the average human performance.
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3.3 Subsequent work

Following the publication of this work a significant volume of research has focussed on applying
AI to breast cancer screening[21–23]. There are now multiple commercial enterprises developing
and testing AI-assisted mammography software, with many testing their models in prospective
observational studies[21, 22, 24] some even progressing to a randomised-control trial[23]. In
February 2025, the UK government announced a national randomised-control trial in which
five AI systems will be evaluated within the UK breast cancer screening programme with
recruitment starting in April 2025[25]. The rapid pace of development from proof of concept to
randomised-control trials in five years underscores the significant contributions that his paper
made to the field and the importance of this research application.

4 Conclusion

In summary, McKinney et al. developed and evaluated a model that can accurately pre-
dict breast cancer from screening mammography in a representative population. The paper
demonstrated that AI could be used to screen mammograms with a degree of accuracy that
approached, or even exceeded human experts, potentially improving diagnostic performance
as well as saving valuable and costly clinician time. Whilst criticism was levelled that the
paper would be hard to reproduce due to a lack of detailed methodological description, many
researchers have subsequently been successful in developing AI systems to improve breast can-
cer screening. Many of these AI systems are being actively evaluated in clinical trials and are
getting closer to being rolled out more widely in the real-world.
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