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Abstract

Breast cancer remains a significant global health challenge despite advances in medical technology
in the previous decades. Artificial Intelligence has emerged as an innovative tool to aid healthcare
professionals in diagnosing breast cancer. This research paper is a meta-analysis of Al performance in
breast cancer diagnosis from mammography screenings. It produces timely best estimates for the values
of Al performance metrics. The four key metrics are sensitivity, specificity, accuracy, and area under the
receiver operating characteristic curve.

This study produces and adheres to inclusion criteria and curates a collection of previous papers
on specific models from which performance metrics are extracted from. The paper employs standard
statistical tools to evaluate them. By collecting a diverse set of papers, the papers aims to show
the current capabilities of Al models as well as their limitations. The accuracy of Al models was
hypothesized to be above 90% based on the recent successes and breakthroughs in computer vision
models.

However, this paper finds that the mean values of sensitivity, specificity, accuracy, and area under
the curve are 87%, 80%, 89%, and 88% respectively. This disproves our hypothesis and shows Al
models still have to improve before matching the capabilities of human radiologists who have sensitivity
and specificity of 87% and 89% respectively. This research can help inform researchers and healthcare
professionals on the current status of Al in the field of breast cancer diagnosis.

Future research can address the limitations of this study by evaluating a broader range of Al models
as well as those trained on diverse datasets, such as the VinDr-Mammo database from Vietnam and
the Chinese Mammography Database from China. These improvements can enhance the statistical
significance of the study and overcome potential biases introduced by regional variations.
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1 Introduction

1.1 Overview of breast cancer

Breast Cancer (BC) is a condition characterized by the uncontrolled growth of abnormal breast cells,
leading to the formation of tumors. BC typically originates within the milk producing lobules of the breast.
The earliest form, know as ”In situ”, is not immediately life-threatening. However, if left untreated, these
tumors have the potential to metastatize and become fatal [[1].

BC is the most common cancer among women worldwide. In 2020, 2.3 million of women were diagnosed
with BC and 685,000 have died globally [1].

The exact cause of BC is unknown, but several factors can increase the risk of developing it. Alarmingly,
nearly half of all BC cases occur in women who exhibit no specific risk factor for BC. Among the main
factors that can increase the risk of BC, there are: alcohol consumption, body mass index, height, lack of
physical activity, mammographic density, age at menarche or menopause, smoking, and type 2 diabetes
mellitus (T2DM) [2]].

Additionally, the Collaborative Group on Hormonal Factors in BC projected that in developed countries,
the cumulative incidence of BC could potentially decrease by over 50%, dropping from 6.3 to 2.7 cases per
100 women by the age of 70, if women adopted practices such as having more children and breastfeeding
for longer periods, as commonly observed in some developing countries [3]].

BC can be categorized into various types depending on the specific cells that are impacted. Among the
most prevalent are ductal carcinoma in situ (DCIS), invasive ductal carcinoma (IDC), and invasive lobular
carcinoma (ILC)[4].

1.2 Introduction to AI applications

Artificial Intelligence (AI) has been a field of study since the 1950s and has gained momentum in the
past ten years [3]]. This field intends to develop computer systems that are capable of doing intelligent tasks
that we humans do. Machine learning is a subset of Al that enables systems to enhance their capabilities by
processing large amounts of data [6]]. Neural networks are a subset of machine learning and their structure
is inspired by the human brain (7]

Al has moved from limited practical interest to public conversation and has entered the business
environment [S]. For example, Al can be used in education, assisting students with their studies and
providing support. These assistants would available round-the-clock and can be accessed instantly even
if they can sometimes give unreliable responses [8]].

One of the promising use cases of Al is in the field of healthcare. Healthcare is a vital domain of work
that is essential for humanity’s modern way of life. Healthcare providers undertake years of professional
training to obtain their professional license. There was an estimated 15 million healthcare worker shortage
worldwide in 2020 and this number is estimated to decrease down to a shortage of 10 million in 2030 [9].
Al-enabled systems could assist professionals deliver more precise and tailored quality-healthcare to their
patients [[10].

1.3 Problem Statement

In recent years, artificial intelligence has been increasingly used to aid in the diagnosis of BC using
mammography. However, there are many different AI models with varying performances, and there is a
lack of general view of the accuracy of Al in diagnosing BC.

This research aims to address this issue by conducting a meta-analysis of Al performance in diagnosing
BC. This meta-analysis is a quantitative review of data from multiple studies, with the aim to provide a
comprehensive view of the actual accuracy of Al to this day.
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2 Theoretical Framework / Literature Review

2.1 Overview of Breast Cancer Screening

The traditional method of screening for BC relies on mammography, which is a low-dose X-ray imaging
technique employed for early BC detection [11]. During a mammogram, the breast is gently compressed
between two plates, and an X-ray image is captured. The image is then examined by a radiologist for any
signs of BC, such as a lump or mass, calcifications, or distortions in the breast tissue [12]. Regarding the
involvement of radiologists in the screening process, some programs utilize a single radiologist to interpret
mammograms, whereas others employ two radiologists who independently analyze the mammograms and
collaborate to reach a consensus in case of any discrepancies [13]].

Mammography is the most commonly utilized screening method for detecting BC and has demonstrated
its ability to reduce BC mortality among women aged 50 to 69 years [11]. However, it is essential to
acknowledge that mammography, while effective, is not infallible, as it can occasionally miss certain
cancers or yield false-positive results.

It is important to note that the effectiveness of mammography screening is influenced by the level of
breast density. A study published in the European Journal of Public Health found that the effectiveness
of mammography screening decreases with decreasing breast density. The study concluded that the
effectiveness of mammography screening is limited in women with low breast density [[14]].

In the following sections, we will explore further the potential of Al in early BC detection.

2.2 Al in Breast Cancer Diagnosis

Computer vision has leveraged Al and developments in deep learning to rapidly evolve and significantly
improve image recognition accuracy [15]. As medical imaging devices digitize, such as film mammography
X-rays are getting replaced by digital mammography X-rays, machine learning improvements can better
ease the workload for medical experts [16]. Currently, there are several Al models that were developed to
detect BC from Digital Mammography. But is it possible to judge their performance? This section will
describe how we measure the capabilities of a breast cancer screening Al model.

The performance levels of Al models are measured through four diagnostic metrics. These are sensitivity,
specificity, accuracy, and Area Under the Curve (AUC). Sensitivity measures how well the system correctly
identifies cases with cancer by dividing the number of true positives divided by all the true cases. Specificity
measures how well the system correctly identifies cases without cancer by dividing the number of true
negatives by all negatives. Accuracy measures how correctly the model identifies cases with and without
cancer by dividing the number of true positives and negatives by the number of values [17].

True Positive True Negative
Specificity = &

Sensitivity =

True Positive + False Negative True Negative + False Positive

Al models have thresholds scientists can set to control the trade-off between sensitivity and specificity.
The Receiver Operating Characteristic (ROC) curve plots the sensitivity versus the false positive rate, or
one minus the specificity, as the threshold for the AI model moves through all possible values. The AUC
measures the area under this curve and has values between 0 and 1 [18]. A higher score means the system
can better tell between positive and negative cases. The AUCs metric is widely used to compare Al models
and radiologists in screening breast cancer. [Figure 1|is an example of an ROC and shows the relationship
between true positive rates, false positive rates, and the AUC.

True Positive + True Negative
Accuracy =

Positive 4+ Negative

4



112202, Fall 2023, Period 1-2 Project report January 15, 2024

Perfect
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Figure 1: Example ROC Curve for a binary classifier[[19]

This research paper shall use the four metrics in assessing the capabilities of existing Al models.
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3 Research questions, hypotheses

In this meta-analysis, we aim to evaluate the properties of Al in diagnosis breast cancer from
mammography. The main question that drives this research is: given many machine learning models for
detection in the medical field, what is the accuracy of the technology today for detecting breast cancer?
Our hypothesis is that the accuracy of Al in diagnosing BC is above 90%. To justify this hypothesis, we
refer to recent studies that have shown that Al has been improving lately, especially in computer vision.
A case of study is the ImageNet challenge, a computer vision competition where participants are tasked
with developing algorithms that can classify and detect objects in images [20]. This challenge has been
instrumental in advancing the field of computer vision and has led to significant improvements in image
classification accuracy. In 2012, the winning team achieved an error rate of 15.3%, which was a significant
improvement over the previous year’s error rate of 26.2%. Since then, the error rate has continued to
decrease, and in 2015, the winning team achieved an error rate of just 3.6% [21]. While the ImageNet
challenge is not directly related to BC diagnosis, it is a good example of how Al has been improving in
computer vision. Researchers have used deep learning techniques to develop models that can accurately
classify images, and these techniques are now being applied to medical imaging, including mammography.
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4 Method

The method chosen for the research consist of a meta-analysis. A meta-analysis is a statistical technique
for combining data from multiple scientific studies. Meta-analyses are considered the most trustworthy
source of evidence by the evidence-based medicine literature [22]]. This approach was chosen because is a
powerful and rigorous statistical method for synthesizing data from multiple studies that allow to obtain a
more accurate estimate of the effect size. In the context of our research question, it is the most suitable to
produce a comprehensive overview of performance metrics in Al-based breast cancer diagnosis. The aim
is to use approaches from statistics to derive a pooled estimate closest to the unknown common truth based
on how this error is perceived. In fact, by combining the results of multiple studies, we increase the sample
size and statistical power, which can help reduce the risk of type 2 error [23]]. Other types of analysis, such
as a narrative review or a case study, would not have been suitable because they lack in objectivity and rigor,
and they do not provide a quantitative estimate of the effect size.

While meta-analysis is a valuable tool for evaluating Al-based BC diagnosis, it is important to recognize
and address potential methodological challenges. One such challenge is heterogeneity, which arises from
the use of different Al models, datasets, and methodologies across studies. To address this issue, we will
apply rigorous inclusion criteria to select comparable studies, perform careful data extraction, and employ
appropriate statistical methods to assess and adjust for heterogeneity. To enhance the transparency and
reproducibility of the analysis, we will provide a clear and detailed description of our study selection
process, data extraction methods, statistical analyses, and any potential limitations or biases. We want
to write it for researchers and professional healthcare.

4.1 Inclusion Criteria for Research Papers

For the meta-analysis, we performed a selection of data guided by specific inclusion/exclusion criteria.
The purpose of defining it was to ensure the integrity, relevance, and reliability of the studies included in
the analysis. Studies were elegible for inclusion if they reported the following features:

1. Ground Truth Time frame: to ensure data accuracy, only studies with ground truth established within
12 months before the meta-analysis were included, recognizing the dynamic nature of breast cancer
diagnoses.

2. Quantitative Performance Metrics: studies considered in the data analysis reported quantitative data
on critical performance metrics such as sensitivity, specificity, accuracy, and AUC. These parameters
are fundamental to assess the diagnosis precision of Al-based mammographies.

3. Publication Year: eligible papers, published after 2016, were incorporated to integrate the latest
technological advancements in Al-driven breast cancer diagnosis, while excluding outdated methodologies.

4. Sample Size Requirement: studies with a minimum of 200 subjects were considered for inclusion,
justified by the specificity, focus and similarity in effect sizes among selected studies, ensuring
relevance and reliability [24]].

4.2 Statistical methods employed

The main purpose of this paper was to find the values for each Al attribute that best represents this
attribute. The metrics that measure the capabilities of an Al model were properly defined, therefore, we
needed to employ certain statistical tools to extract representative values from the collected data. It was
decided that the best way to do that would be to provide the mean for each attribute and the interval within
which there is certain confidence level of its existence. The standard deviation was also included to give the
reader information on how the data relates to the best estimates of the four attributes.

7
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These four metrics are all based on the underlying number of cases classified as positive or negative
whether correctly or incorrectly. Even though the sensitivity of a model and its specificity are not related,
there are known and direct mathematical relationships among the 4 metrics. They all depend on the true
positive rate, the true negative rate, or both. Therefore, analyzing the relationships between the metrics is
not useful and was not done in this research paper.

The mean was chosen to represent each attribute because the mean is generally considered the best
measure of central tendency [25]. There are other statistical measures that could be used to express this
central tendency such as the median and the mode. The median is preferred when there are extreme values
in the data-set, exist values with undetermined values, is an open ended distribution, or is measurement in
an ordinal scale [25]. The data-set that used in this research paper does not contain extreme values nor any
missing values. The values were measured from O to 1 and measured in a continuous scale. Therefore,
taking the median was not an appropriate measure. The mode was the preferred measure when the data was
measured in a nominal scale [25]. However, that was not the case for this paper.

The mean gave us a point estimate for each Al attribute that were previously defined. However, this
was just an estimate of the true mean value which could vary from our estimate. Therefore, we needed
to provide a confidence interval around our estimated mean value. Confidence levels are selected by the
researcher according to the particularities of the study and commonly set at 95% confidence interval [26].
Therefore, the confidence level for this study was set to 95% and the confidence intervals were reported.

Apart from the main statistical analysis, graphical visualizations were presented. These aid the reader in
understanding how the point estimates and confidence intervals relate to the overall data-set. The histogram
of values as well as a box-plot of the data-set were included in this research paper. A box-plot visualizes
medians and quartiles in one graph and shows outliers in a data set [27].

The complete description of the hardware and software used in the statistical analysis are provided in the

appendix in[Table 4] and [Table 3|
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5 Results

Data from various scientific publications on BC screening Al models were collected before processing.
The data collected includes the title, publishing journal, publishing date, the four diagnostic metrics, training
data set name and size. After collection, they were processed in accordance with the well defined inclusion
criteria. In the end, this paper identified 16 models to use in the study which can be found in the appendix

in [Table 2

The collected data were analyzed according to the method described above and the results of the analysis
of each Al attributes is presented in below.

Sensitivity Specificity Accuracy AUC
Mean 0.87 0.80 0.89 0.88
Confidence Interval | 0.8295 - 0.9187 | 0.7512 - 0.8528 | 0.8540 - 0.9256 | 0.8364 - 0.9188
Standard Deviation 0.073813 0.075588 0.046586 0.071341

Table 1: Means, Confidence Intervals, and Standard Deviations for Al attributes

Histograms of Al Model Capabilities

Accuracy

Sensitivity

Figure 2|is a histogram that shows the frequency of occurrence of a value for each of the Al attribute.
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Figure 2: Histogram of Al attributes

is a box plot that shows the medians and quartiles of each of the four Al attribute side by side.
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Boxplots of Al Model Capabilities
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Figure 3: Boxplot of Al attributes
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6 Discussion

The capabilities of AI models used in BC mammography were explored in this research paper. It studied
only recent models in order to say that this is their performance today. The sensitivity, specificity, accuracy,
and AUC of Al models today is found to be 87%, 80%, 89%, and 88% respectively. Radiologists generally
have a sensitivity of 87%, similar to Al, but a specificity of 89%, which is better than current Al performance
[28].

This research paper had hypothesized that recent models would have accuracies higher than 90%.
However, these finding invalidate this hypothesis. Although computer vision has improved significantly
over the years, even having an error rate less than 3.6% in the ImageNet Challenge in 2015 [21], it still needs
to improve to achieve accuracries higher than 90%. This finding can be used by researchers and healthcare
professionals to inform themselves on the current state of Al models in the field of BC mammography
screenings.

This study is mainly limited by the number of AI models that were evaluated. The study only examined
the performance of 16 models and would have produced more meaningful results if it evaluated more. This
study also suffers from the bias introduced by the segment of human population which was used to create
the databases on which the Al models were tested. For example, the DDSM database which was used to
test 5 of the models, was a collaborative effort between Massachusetts General Hospital and others. This
means the patients whose screenings were collected are more likely to live in the United States. The mini-
MIAS data set which was used to test one of the models, was curated from BC screenings in the United
Kingdom National Breast Screening Programme. Therefore, there is a danger of the models showing their
performance on screenings on women who live in Western countries instead of women in general.

The authors recommend future research focus on addressing the limitations of this research paper. Future
research should evaluate a wide range of Al models so that the results are statistically significant. The bias
introduced by testing Al models in Western countries can be overcome by testing the models on data sets
from a diverse set of countries. For example, VinDr-Mammo database from Vietnam [29] and Chinese
Mammography Database from China [30] are large BC data sets are publicly available for research.

11
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A Appendix
Journal Year | Accuracy | Sensitivity | Specificity AUC Dataset | DOI Link
Computers 2016 | 0.91 0.92 0.84 0.91 600.00 | link
Peer] 2019 | 0.87 0.86 0.88 0.94 2,620.00 | link
PubMed 2018 | 0.86 0.93 0.78 0.88 600.00 | link
PubMed 2018 | 0.91 0.92 0.91 - 2,482.00 | link
PubMed 2017 | 0.93 0.96 0.90 - 216.00 | link
PubMed 2017 | 0.84 0.91 0.80 0.92 761.00 | link
PubMed 2017 | 0.84-0.95 | 0.98 0.70 0.69 -0.76 | 410.00 | link
PubMed 2017 | 0.82 0.792 - 0.81 | 0.694 - 0.723 | 0.88 1,874.00 | link
PubMed 2019 | - 0.8 - 0.84 2652 link
Scientific Reports | 2018 | - 0.9 - 0.95 2949 link
PubMed 2018 | 0.9685 - - 0.975 6116 link
PubMed 2018 | - 0.7265 0.708 0.8 2292 link
PubMed 2017 | - 0.842 0.804 0.84 1264 link
PubMed 2017 | - - - 0.941 18453 link
PubMed 2017 | - - - 0.78 2242 link
PubMed 2017 | - 0.815 0.79 0.9 1090 link

Table 2:

Collected publications of BC screening AI models and their key metrics

Software | Version

Python NVIDIA T1000 / PClIe / SSE2
matplotlib | 3.7.3

pandas 2.0.3

scipy 1.10.1

Table 3: Software running statistical analysis

Specification Details

Processor 12th Gen Intel® Core™ i7-12700 x 20
Graphics NVIDIA T1000 / PCIe / SSE2

OS Name Ubuntu 20.04.6 LTS

OS Type 64-bit

GNOME Version 3.36.8

Windowing System | X11

Table 4: Hardware running statistical analysis
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