©~Copyright 2025
Ojas Ankurbhai Ramwala






Developing Informatics Frameworks for Evaluating Deep Learning
Algorithms for Mammography

Ojas Ankurbhai Ramwala

A dissertation
submitted in partial fulfillment of the
requirements for the degree of

Doctor of Philosophy

University of Washington

2025

Reading Committee:
John H. Gennari, Chair
Christoph I. Lee
William Lotter

Sean D. Mooney

Program Authorized to Offer Degree:
Department of Biomedical Informatics and Medical Education






University of Washington

Abstract

Developing Informatics Frameworks for Evaluating Deep Learning Algorithms for
Mammography

Ojas Ankurbhai Ramwala

Chair of the Supervisory Committee:
John H. Gennari
Department of Biomedical Informatics and Medical Education

Deep learning algorithms have played a major role in advancing Al for mammography-based
breast cancer screening. Studies have shown that Al tools can achieve, and in some cases ex-
ceed, the performance of breast imaging radiologists. Integrating deep learning algorithms
into clinical workflows has the potential to streamline mammography interpretation, aid
early cancer detection, and enhance risk prediction. Nevertheless, in spite of promising ini-
tial performance across a broad range of tasks in mammography interpretation and breast
cancer screening, their adoption in clinical settings remains limited. A major contributing
factor is the lack of methods to thoroughly evaluate the safety, reliability, clinical utility,
and trustworthiness of Al models in mammography, thereby creating a critical gap between
algorithm development and real-world implementation. Therefore, we have developed infor-
matics frameworks to support a comprehensive and systematic evaluation of Al algorithms
prior to their clinical adoption, enabling stakeholders to critically assess model generaliz-
ability and interpret the underlying inference mechanism that drives model predictions.
AT models may have limited generalizability in new clinical settings or within specific
demographic subpopulations. We developed an open-source framework, ClinValAI (Clinical
Validation of AI), to support health systems in implementing a cloud-based infrastructure
for rigorous external validation of AI algorithms before clinical adoption. ClinValAl en-

ables secure, privacy-preserving external validation by protecting patient imaging data and



developers’ intellectual property while offering scalable, customizable workflows that ac-
commodate the diverse computational demands of multiple Al algorithms. We demonstrate
ClinValAT’s utility by performing a large-scale external validation of multiple FDA-cleared
commercial Al algorithms for breast cancer detection using mammography exams from
seven U.S. regional breast cancer registries. By comparing those algorithms and evaluating
their performance against radiologists’ assessments, our study highlights the benefits and
risks of adopting Al tools in clinical workflows. ClinValAI provides a holistic framework
for validating medical imaging models and has the potential to advance the adoption of
accurate, generalizable Al models in mammography-based breast cancer screening.

Even when Al algorithms demonstrate strong generalizability, their ’black box’ nature
obscures meaningful insights into their inference mechanism, undermining trust and trans-
parency. We address this challenge specifically for the Mirai model for mammography-based
breast cancer risk prediction. We developed a method, FOCUS (Feature-space OCclusion
for Understanding Saliency), to assess the contribution of different mammogram imaging
regions to Mirai’s prediction. We created interpretable visualizations, FOCUS Maps, to
identify the mammogram patch that most strongly influences Mirai’s risk scores. We ob-
serve that Mirai’s risk estimates are primarily driven by localized imaging features and are
significantly influenced by sites where cancer was subsequently detected. FOCUS Maps may
assist radiologists in localizing suspicious regions for intensive imaging evaluation, such as
a focused diagnostic ultrasound, bolstering its clinical utility in potentially guiding person-
alized screening and early intervention strategies. Although Mirai may be detecting early
signs of malignancy, we also identified other localized, non-lesion imaging patterns that drive
its predictions. Our explainability technique can help radiologists assess whether clinically
meaningful features are associated with AI model predictions for breast cancer risk.

Overall, by developing informatics frameworks for external validation and model explain-
ability, our work supports a comprehensive evaluation of the generalizability and trust-
worthiness of Al tools, potentially enabling the clinical adoption of AI tools to improve

healthcare outcomes and promote health equity.
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Annotation Strategy. A bounding box denoting a malignant lesion is drawn
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prior exam. These are referred to as “Case Annotations”. “Control Anno-

tations” are provided by drawing bounding boxes on anatomically matched

regions in the contralateral breast of the index and prior exams.| . . .. . ..
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FOCUS method applied to Mirai. Each pixel of a mammogram is mapped

to coordinates in the feature space based on the architecture of Mirai’s 1m-

age encoder. To remove annotated regions from Mirai’s interpretation, the

corresponding coordinates in ResNet-18’s feature matrix are masked, 1.e., the

voxels in feature space indicated by the red cubes are set to negative infinity.

This ensures that the Global Max Pooling layer selects teatures from other

regions when generating the feature vector for that view. The risk score gen-

erated 1s then compared to the original risk score to estimate the impact of

the annotated region on Mirai’s prediction.| . . . . . . .. ... .. ... ...
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Validating the implementation of the FOCUS technique. (a) Original heatmap

developed based on the projection of the coordinates of the maximum value

from each channel of the output feature vector of Mirai’s Global Max Pooling

layer to the input image. The intensity of each region denotes the propor-

tion of feature space channels that receive maximum information from that

patch. (b) Input mammogram view with a red bounding box indicating the

Radiologist’s annotation of the lesion patch. (c) Heatmap generated after

pertorming feature-space occlusion to mask the lesion patch from Mirai’s in-

ference mechanism. The minimum intensity at the annotated region indicates

that Mirai’s interpretation from that patch was not passed to the subsequent

layers and, theretore, was not considered in its risk prediction.|. . . . . . . ..

45

B4

Illustration of case vs. control occlusion to assess the impact of cancer regions

on Mirai’s predictions. Case occlusion risk scores are computed by masking

out the regions in the CC and MLO views of the breast where cancer was

subsequently detected (case-annotations). Control occlusion risk scores are

separately computed by masking anatomically-matched regions in the CC

and MLO views of the contralateral breast (control-annotations). Occlusion-

based risk scores are compared to the original risk scores to assess the mnflu-

ence of lesions on Mirai’s predictions. Mirai’s 5-year high-risk threshold is

used to evaluate whether occlusions change Mirai’s predictions from high-risk

to low-riskl) . . . .
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FOCUS Map to visualize Mirai’s feature importance distribution. Image

patches are iteratively masked to generate a FOCUS Score for each patch
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across the entire mammogram are identified for further analysis.| . . . . . ..
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Categorizing exams that remain high-risk upon case-occlusion. Exams pre-

dicted as high-risk by Mirai, even after case-occlusion, were characterized.

Risk assessments were classified as local predictions if any patch in a mam-

mogram view had a FOCUS score > 0.01 and as global predictions otherwise.

Local predictions were further categorized based on whether the patch with

the highest FOCUS score tell within the case or contralateral breast, and

whether the centroid of the patch fell within the case annotation.). . . . . . .

49
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Study Cohort Selection. We applied Mirai’s exclusion criteria based on the

personal history of breast cancer, age, presence of breast implants, and the

standard views ot a screening mammogram. We included exams from women

with a breast cancer diagnosis within five years with an available index exam

and prior screening mammogram(s) within the preceding five years. After

sampling a target of > 200 exams and excluding exams with multiple lesion
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Qualitative assessment of Mirai’s predictions localized to regions other than

where cancer developed. (a) An index mammogram with a visible asymmetry.

The patch with the highest FOCUS score highlights a region with overlapping

vessels. (b) A five-year prior mammogram with visible calcifications. The

patch with the highest FOCUS score highlights a sharp intertace between

high- and low-density regions.| . . . . . . . . . .. ... ... ... ...
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Qualitative interpretation to assess whether Mirai detects the earliest signs ot

developing cancer. Analysis of prior exams where occlusion of the subsequent

lesion region changed Mirai’s interpretation from high-risk to low-risk: (a)

Prior and index mammograms of a woman with no early sub-clinical findings

in the prior exam, which subsequently showed a mass in the index exam. (b)
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Chapter 1
INTRODUCTION

Deep learning for mammography-based breast cancer screening has been a pioneering
application of Al in medical imaging [I]. However, despite encouraging early performance
reports, the clinical adoption of Al tools for mammography and medical imaging has been
impeded by two key challenges.

First, deep learning algorithms may underperform in new clinical settings. Hence, health
care institutions should be able to validate the performance of these models on their own
patient population before choosing to incorporate these models into their clinical practice.
However, there is limited guidance on establishing an external validation infrastructure to
compare and assess the generalizability of deep learning algorithms.

Second, adoption of Al tools hinges on the ability to understand and explain their under-
lying decision-making process. Unfortunately, most deep learning algorithms are black-box
systems [2], making it challenging for radiologists to trust their predictions.

Our work aims to improve the clinical adoption of deep learning algorithms for mammography-
based breast cancer screening by addressing these two important challenges. In this chapter,
we briefly introduce the role of Al algorithms in mammography interpretation, further ex-
plain the key barriers to their clinical adoption, and summarize our original contributions

to the field.

1.1 Artificial Intelligence for Mammography-based Breast Cancer Screening

Multiple randomized controlled trials have demonstrated that screening mammography de-
creases breast cancer mortality [3H6]. Despite the reduction in breast cancer mortality due
to advances in screening and treatment [7], breast cancer remains the second leading cause
of cancer-related deaths among US women [§]. The interpretive accuracy of breast cancer

screening is limited by human visual perception of mammographic abnormalities, leading to



1 in 8 breast cancers being missed at the time of interpretation [9]. The high rate of missed
cancers has motivated the development of methods to assist radiologists in mammography
interpretation.

Traditional computer-aided detection (CAD) systems for mammography were based on
hand-engineered features [10]. Based on small reader studies, CAD tools achieved clear-
ance from the U.S. Food and Drug Administration (FDA) in 1998 and third-party payor
reimbursement shortly thereafter [I1]. As a result, traditional CAD was quickly adopted
into routine radiologist workflows with the promise of improved performance and higher
reimbursements for imaging practices [I12]. Unfortunately, large-scale population studies
over the next two decades demonstrated no additional benefit from using CAD for screen-
ing mammography interpretation [13, [14]. Specifically, radiologists had higher diagnostic
accuracy when they did not rely on CAD for mammography interpretation.

More recently, over the last decade, the burgeoning volume of open-source mammogram
imaging datasets [I5H18], advances in computing power, and breakthroughs in deep learning
for computer vision [19, 20] have fueled the development of artificial intelligence (AI) algo-
rithms for mammography interpretation. In contrast to traditional feature extraction and
analysis methods, deep learning algorithms employ multi-layer neural networks that auto-
matically learn hierarchical representations of input data and model complex relationships
between inputs and outputs [2I]. Deep learning algorithms have achieved commendable
results in various applications of mammography interpretation, including breast cancer de-
tection [22H24] and future breast cancer risk prediction [25-27].

Beyond identifying subtle cancers present on mammography images, deep learning mod-
els also show promise in predicting future breast cancer development. Several deep learning
models have demonstrated promising results in estimating multi-year future breast cancer
risk directly from screening mammograms and have outperformed traditional clinical risk
assessment tools, including Tyrer-Cuzick [28] and Breast Cancer Surveillance Consortium
risk calculators [29]. However, traditional clinical risk assessment tools have only modest
5-year predictive accuracy for breast cancer risk, with Areas Under the Receiver Operating
Characteristic (AUC) curve typically ranging from 0.60 to 0.65 [28],30]. Newer deep learning

models that make predictions solely from mammography images have demonstrated higher



predictive accuracy than traditional risk factor-based models, with some studies reporting
5-year AUCs of 0.70-0.75 [26]. If AT models with outputs based solely on mammography
images are shown to have higher accuracy than traditional clinical risk tools, then Al-
driven risk prediction at the time of mammography screening has the potential to improve
personalized screening approaches by identifying women who would benefit from personal-
ized prevention and screening, including chemoprevention (e.g., tamoxifen therapy) and/or
supplemental screening (e.g., adding supplemental screening MRI to annual screening mam-

mography).
1.2 DMotivation and Objectives

Many Al algorithms have demonstrated promising performance for improved mammography
interpretation in internal validation studies where test sets could be from the same popula-
tion distribution as the training sets [27, [BITH33]. However, when these models are applied to
new clinical settings, they are often found to have limited generalizability [34} 35], primarily
due to differences in population diversity. This poses risks for patient safety and subopti-
mal outcomes, particularly for patient groups that are underrepresented in the training data
[36-38]. Therefore, healthcare institutions need methods to validate deep learning models
on their specific patient populations before adopting them. Several challenges limit external
validation efforts. First, due to patient privacy concerns, health institutions cannot share
mammography imaging data with commercial Al vendors. Similarly, Al vendors may be hes-
itant to provide their proprietary algorithms for model validation before purchase. Second,
health institutions may wish to compare multiple Al algorithms, which may have different
memory and computational resource requirements. Finally, outsourcing external validation
efforts to third-party institutions can result in substantial financial and legal burdens for
healthcare institutions. Thus, there is a need for an open-source informatics framework to
equip healthcare institutions to perform large-scale external validation of image-based Al
algorithms. Ideally, such an infrastructure could be used to assess model generalizability,
investigate latent biases, and compare the performance of different Al algorithms.

Beyond demonstrating generalizable performance, Al tools for mammography are less



likely to be broadly adopted if insights into their decision-making process are not available
to clinicians. Most deep learning algorithms are 'black-box’ systems, making it challenging
to interpret their predictions [39]. Developing explainability techniques for mammography-
based deep learning algorithms is even more critical for future breast cancer risk prediction
because the outcome (future cancer) is not observable on the current images. Thus, there is
a need for techniques that identify mammography imaging features that contribute to deep
learning algorithm predictions.

To address this need, we developed a quantitative and qualitative framework to explain
the predictions of Mirai [40], an open-source imaging-based deep learning algorithm, used to
predict a woman’s breast cancer risk over five years. Mirai has demonstrated accurate and
generalizable performance in multiple external validation studies [41H44]. Our framework
helps determine whether localized features, such as early signs of a developing cancer, or
global features like breast density, texture, or architectural patterns, most influence Mirai’s
risk assessments. Explaining these predictions could lead to more effective clinical imple-
mentation of Al risk models such as Mirai by guiding radiologists to previously unrecognized
signs of breast cancer risk and development.

Overall, by introducing techniques for rigorous external validation and for providing
clinically meaningful explanations of Al models, our work can provide tools for health care
organizations to comprehensively evaluate these promising new technologies before their

integration into patient care.

1.3 Key Takeaways and Impact

To address the aforementioned needs for better approaches for mammography-based Al
algorithm evaluation, we developed the following informatics methods:

1. An open-source informatics framework to enable health systems to estab-
lish a robust cloud-based infrastructure for the external clinical validation of
deep learning algorithms.

We developed a framework, ClinValAl [43] [45], that meets the multiple needs of both

health care organizations and algorithm developers. First, ClinValAl-based cloud infras-



tructure addresses concerns regarding patient privacy and information security, which often
deter healthcare institutions from conducting external validation studies. Similarly, it allows
algorithm developers to control access to their intellectual property after sharing proprietary
AT models for external validation studies. To facilitate the validation of multiple AI mod-
els, ClinValAl supports scalable, customizable workflows tailored to the varying memory
and computing requirements of different algorithms. Thus, ClinValAl promotes external
validation efforts to assess the generalizability of Al tools before their clinical adoption.

2. A technique to provide insights into the predictions of the Mirai [26]
algorithm for mammography-based future breast cancer risk prediction.

We established a method, FOCUS, to identify regions of interest (ROIs) in mammog-
raphy images that drive Mirai’s predictions and to determine whether these regions are
localized or global. To make these findings more accessible to radiologists, we developed in-
terpretable visualizations, FOCUS Maps, that highlight imaging regions most important to
Mirai’s risk assessments, thereby enabling assessment of the trustworthiness of the model’s
predictions. Finally, we investigated the clinical relevance of these ROIs by presenting
FOCUS Maps to subspecialized breast radiologists for qualitative interpretation.

Overall, our work has the potential to improve methods for evaluating deep learning

algorithms for breast cancer screening to ensure their appropriate, evidence-based adoption.

1.4 Outline

Each chapter of this dissertation addresses how we can enhance the clinical adoption of
deep learning algorithms for mammography-based breast cancer screening and future risk
prediction.

In Chapter 2, we explain our work on addressing the limited guidance for develop-
ing methods to validate the performance of Al in mammography. The material in this
chapter is partially based on two publications: ‘Establishing a Validation Infrastructure for
Imaging-Based Artificial Intelligence Algorithms Before Clinical Implementation’ by Ojas A.
Ramwala, Kathryn P. Lowry, Nathan M. Cross, William Hsu, Christopher C. Austin, Sean

D. Mooney, and Christoph I. Lee. in the Journal of the American College of Radiology and



‘ClinValAI: A framework for developing Cloud-based infrastructures for the External Clini-
cal Validation of Al in Medical Imaging’ by Ojas A. Ramwala, Kathryn P. Lowry, Daniel S.
Hippe, Matthew P. N. Unrath, Matthew J. Nyflot, Sean D. Mooney, and Christoph I. Lee, in
the proceedings of the Pacific Symposium on Biocomputing. We demonstrate ClinValATI’s
potential by establishing a centralized cloud-based infrastructure to perform a large-scale
comparative evaluation of three FDA-approved commercial Al models on screening mammo-
grams from seven U.S. regional mammography registries affiliated with the Breast Cancer
Surveillance Consortium (BCSC) [29]. Finally, we conclude by highlighting the clinical
impact of our evaluation framework.

In Chapter 3, we advance the paradigm of developing explainability techniques faithful
to the model architecture of Al algorithms. With the exception of the first paragraph, this
chapter is exactly a manuscript titled ‘Feature-space Occlusion to Explain a Deep Learning
Breast Cancer Risk Prediction Model’, currently under review at Radiology: Artificial In-
telligence journal, with authors Ojas A. Ramwala, Cody Schopf, Kathryn P. Lowry, John
H. Gennari, Sean D. Mooney, Christoph I. Lee, and William Lotter. We present our work
on developing FOCUS (Feature-space OCclusion for Understanding Saliency), a technique
that provides insights into the underlying decision-making process of Mirai [26]. We apply
FOCUS to assess the importance of specific mammographic regions in Mirai’s predictions.
We analyzed whether its predictions are localized to specific patches of a mammogram view
and whether the most representative features correlate with regions where cancer subse-
quently developed. We discuss the range of strategies Mirai uses to estimate future breast
cancer risk and conclude by explaining the clinical impact of our work in potentially as-
sisting breast imaging radiologists in providing more personalized screening strategies and
patient-specific targeted interventions.

Finally, in Chapter 4, we explain—from a broader biomedical informatics and clinical
perspective—the overarching contributions of our work. We specifically highlight the impact
of our research in providing tools for health care organizations to rigorously evaluate Al
technologies prior to clinical adoption. We acknowledge the limitations of our methods and

also provide avenues for future work.



Chapter 2

EXTERNAL VALIDATION OF DEEP LEARNING ALGORITHMS
FOR MEDICAL IMAGING

2.1 DMotivation

Artificial Intelligence (AI) algorithms have demonstrated promising results in biomedical
image [46H54] processing, yielding improved diagnostic outcomes, early intervention strate-
gies, and well-tailored patient-specific management options. Deep learning models have
demonstrated tremendous capabilities to affect radiologists’ workflows [33]. AI has been
transformational for several applications in radiology, with some algorithms performing
comparably or even superior to radiologists on specific tasks [31]. AI algorithms for breast
cancer detection on screening mammography, for instance, have outperformed radiologists
in interpreting mammograms in controlled study environments [32]. Combining the out-
puts of Al models with radiologist interpretation has also led to substantial performance
enhancements in breast cancer detection [27, B3]. As of December 2025, 1,357 Al algo-
rithms have received FDA clearance, with 1,039 for applications in Radiology [55]. These
algorithms are cleared for use in clinical settings.

Nevertheless, Al models can experience reduced performance in new clinical settings and
pose challenges to achieving the desired population-level outcomes [34]. The limited gener-
alizability of deep learning algorithms can raise concerns about patients’ safety [36]. The
performance of AT models can vary across diverse subpopulations [37], leading to disparities
in health outcomes [38]. Research studies that independently validate the performance of AI
algorithms on imaging data representative of real-world settings have reported performance
reduction for certain subpopulations [35]. Biased training datasets used for developing Al
models can exacerbate the fairness of algorithms when applied to new populations. The
adoption of such algorithms can have critical implications for patients’ safety.

Thus, developing and leveraging infrastructures that can effectively validate the perfor-



mance of Al algorithms on specific target populations is crucial to enhancing the potential
of integrating Al algorithms into radiology clinical workflows. However, rigorous external
validation of AI algorithms is impeded by numerous challenges at any given institution.
Algorithm vendors may be hesitant to share commercial AI models with medical centers for
independent validation before purchasing the tool. Moreover, per HIPAA guidelines, aca-
demic institutions cannot provide imaging data to Al vendors to safeguard patient privacy
and avoid ethical concerns about the potential use of clinical data to improve commercial
algorithms. Moreover, different Al algorithms have varying storage and computing require-
ments. Planning and budgeting for resources to cater to such varying needs can cause
substantial financial and cognitive burdens on health systems evaluating multiple Al tools
on-premises for clinical adoption. Although health institutions can potentially outsource the
work of validating Al algorithms, procuring outside services can be even more expensive
and can entail cumbersome legal and technical challenges for providing access to patient
imaging data.

Our work in this chapter equips large practices and health care institutions with a
framework for establishing robust infrastructure to support rigorous, comparative external
validation of multiple potential AI algorithms. This framework supports evaluating these
algorithms for specific clinical scenarios before purchase and/or clinical adoption. The
overall goal of this external validation framework is to enhance the decision-making process
for identifying the most suitable Al model for specific applications locally, ensuring that the

optimal AI algorithm is chosen to improve the health of the target population.

2.2 Guidelines for establishing infrastructures for the external validation of Al
algorithms for medical imaging

To develop efficient, customizable, and cost-effective infrastructures for the external valida-
tion of Al models, it is essential to understand the associated challenges and provide guide-
lines on addressing them. In this section, we summarize the guidelines that we published
in [45]. These guidelines help healthcare institutions establish an Al external validation
infrastructure to assess the local performance of Al algorithms before health practice or

system-wide implementation.



2.2.1 On-Premises versus Cloud-based Infrastructures

Health care organizations can validate the performance of Al algorithms either by installing
the models on site or by hosting them on a cloud infrastructure. To achieve enhanced
protection of patient data, health care organizations may be particularly inclined to set up
on-premises solutions to leverage their more secure and tangible nature. Likewise, I'T teams
may be concerned about delays in response times and may prefer on-premises infrastructures
for their lower latencies and real-time processing capabilities. However, the limited scalabil-
ity of on-premises infrastructures poses challenges when evaluating multiple Al algorithms.
Adapting an on-premises setup to provision for the diverse computational specifications of
multiple models may require procuring additional hardware resources and may entail config-
uring them to be compatible with the existing clinical setup. Ancillary data backup solutions
will need to be established to address the susceptibility of on-premises setups to hardware
failures and data loss. In addition to potential technical difficulties, the increased expenses,
including the up-front capital investment in hardware equipment, can pose significant finan-
cial barriers. The alternative to an on-premises setup is developing cloud-based solutions
to use their flexibility in customizing computing and storage resources on the basis of the
diverse requirements of various Al models. There are no up-front large expenditures when
setting up a cloud-based infrastructure [56]. The ability to scale down resources after exe-
cuting specific validation steps further improves its potential cost-effectiveness. Institutions
can take advantage of reduced maintenance processes because cloud services have built-in
resource management solutions that are regularly updated to circumvent the requirement of
manual interventions. Cloud setups facilitate robust data backup and recovery solutions to
safeguard against inadvertent information loss. Furthermore, cloud solutions enable more
seamless deployment of Al algorithms for evaluating them on large-scale datasets. Addi-
tional advantages, such as quick procurement, minimal on-site energy consumption, and
remote access, make cloud setups an appealing choice. However, it is crucial to address the

risks associated with uploading patient data to the cloud.
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2.2.2 Patient Privacy Concerns

Infrastructures for rigorous external validation of Al algorithms must be equipped to address
security concerns associated with protected health information [57]. Because permitting
algorithm vendors access to an institution’s clinical data infrastructure behind a firewall may
constitute a data security risk, a model-to-data [58] 59] framework should be established.
By leveraging this approach, in which AI models are shared with institutions rather than
patient imaging data being shared with vendors, the risks of exposing protected health
information can be circumvented or significantly reduced. Medical imaging data should
remain securely within the health care organization’s infrastructure with controlled access.
AT vendors can provide their algorithms with all necessary dependencies and packages via a
Docker image for Al algorithm evaluation. Moreover, the algorithms can be supplemented

with a license file, allowing vendors to manage access to their proprietary systems.

2.2.3 Data Collection and Curation

Appropriate collection of high-quality imaging data is pivotal to ensuring a faithful pipeline
for validating AI models. The data distribution must reflect the real-world target popu-
lation, and the statistical plan and sampling techniques should account for an adequate
sample size to look at Al performance in subpopulations. Subpopulations of concern at a
given institution must be identified prospectively to assess prevalence in the general popu-
lation to ensure an adequate sample size. By addressing the diversity of the imaging data
up front, the potential of enhancing equitable health outcomes is increased.

After finalizing the data for the external validation analysis, secured mechanisms for
transferring de-identified imaging data from PACS servers to cloud-based storage should
be established. A comprehensive metadata file should be drafted to verify that all imaging
data has been uploaded to storage. Essentially, a spreadsheet comprising de-identified
examination numbers can be used to match the transferred batch of images and eventual
ATl outputs. This manifest file can also aid in organizing and aggregating data before

statistical analysis.
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2.2.4 Understanding prerequisites of Al algorithms

Rigorous external validation entails working with various algorithm-specific requirements.
Health institutions aiming to identify appropriate AI models for their particular applica-
tion need to establish a standardized protocol to fulfill those prerequisites. Because deep
learning models have different parametric complexities, their computational requirements
can vary. Receiving thorough documentation from algorithm vendors can facilitate the pro-
cess of establishing necessary computational resources. Computing instances in the cloud
environment can be effectively mapped to the resource requirements and can be temporar-
ily acquired and customized. Similarly, diverse Al algorithms can employ varying image
processing mechanisms and have different memory requirements. Thus, computational
resources based on the documentation received from the vendors must be established to
implement external validation infrastructures for Al

In addition to the pixel array information stored in the DICOM metadata, other tags
may be important to the algorithmic scoring of imaging examinations. For example, Al
algorithms for breast cancer detection on mammograms may necessitate DICOM tags for
image laterality (left or right breast), manufacturer details (GE, Hologic, etc), and im-
age projection information (craniocaudal or mediolateral oblique) to accurately provide an
examination-level Al score for malignancy risk. Because Al models can necessitate the
inclusion of disparate DICOM metadata information for their respective computational
workflows, vendor documentation should also include an exhaustive list of DICOM headers
necessary for executing their scoring pipelines. If deidentified images are used for validating
AT algorithms, it is imperative to check for accidental deletion of the necessary DICOM
headers essential to the scoring pipeline. Thus, a dedicated review mechanism, incorporat-
ing input auditing logic, should be established to automatically scan DICOM metadata and
detect missing tags, thereby supplementing the images with necessary information. Overall,
the auditing logic should ensure that the imaging data are in the appropriate format for
algorithmic processing.

AT algorithms can ingest imaging data via different file structures. Similarly, radiol-

ogy departments can have distinct data structuring mechanisms in their respective PACS
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servers. Establishing coherence between the organization of the imaging data and the struc-
turing requirements of AI models is imperative for accurate scoring. External validation
infrastructures should be customized to represent the various modes of organizing DICOM
files and must be equipped to rearrange images according to the algorithm’s prerequisites.
For example, suppose each image is organized into individual folders in the PACS servers of
a health institution. In that case, the external validation infrastructure should restructure
the DICOM files based on imaging modality, date of acquisition, patient ID, and other pa-
rameters, depending on the specific AI model’s requirements. The documentation received

from the Al vendors should include precise information on image structuring.

2.2.5 Comparative Scoring of AI Algorithms

To reliably validate AI models, comprehensive documentation explaining the implementa-
tion steps necessary for an Al algorithm to process each medical imaging exam must be
received. The computational environment of the cloud computing environment should use
Docker images of the Al models, so that they are ensured to include all necessary libraries
to run the AI models on the imaging data. The imaging data can be mounted onto the
corresponding Docker container, and the necessary computational programs, per the docu-
mentation, can be sequentially executed to validate Al algorithms on imaging data.

After processing a medical imaging exam, Al models can generate a plethora of output
files and results. Vendor documentation can outline the meaning of these files and must
detail the exact steps to be followed to receive the final scores. Because various Al models
can express their outputs through different representations—for example, comma-separated
values files, JavaScript Object Notation objects, or DICOM structured reports—the infras-
tructure must be equipped with scripts to extract numerical values of interest from the
outputs. A comprehensive explanation corresponding to the numeric scores must also be
received to aid the radiologists in understanding the AI algorithm’s interpretation of the
imaging data. Moreover, the AI model can also generate secondary outputs, for example,
heatmaps, annotated images, bounding box coordinates, and others. The external valida-
tion infrastructure should also ease the process of capturing these supplementary files so

that they can be referenced as needed to increase the radiologists’ confidence in a particular
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algorithm’s reasoning.

The infrastructure can be equipped with parallel scoring workflows to efficiently leverage
computing power. Essentially, depending on the availability of computational resources, the
entire dataset can be split into multiple batches, with every batch being allocated a dedicated
computing instance. The infrastructure can be configured to reorganize, score, and retrieve
final outputs for all examinations in a batch in a serial fashion. A dedicated mechanism
to integrate serial and parallel pipelines can enhance the overall validation process. These
batch-processing workflows can be especially valuable and cost-effective while using cloud-
based infrastructures.

After the completion of the scoring processes, the external validation infrastructure
must confirm that scores have been generated for all examinations. The infrastructure
should be equipped to capture algorithmic error messages and interpret infrastructure logs
to iteratively update the scoring mechanism as appropriate and rerun the algorithms on
examinations that generate errors. The infrastructure should also generate a list of output
files that could have been corrupted because of anomalies in the cloud computing envi-
ronment to distinguish them from invalid examinations. In addition to automated output
verification, manual checks may be necessary to establish the validity of the external val-
idation infrastructure. These can be implemented through an output verification logic in
the external validation infrastructure. To thoroughly evaluate the scoring mechanism, some
example imaging data can be received from the Al vendors, if available, to confirm that the
infrastructure outputs match the expected scores. Moreover, the statistical distribution of
the final outputs should be comprehensively analyzed for the detection of outliers. These
outliers should undergo troubleshooting to identify additional corrections required in the
external validation infrastructure.

Downstream statistical evaluation can be performed to record performance metrics, in-
cluding diagnostic accuracy measures such as the area under the receiver operating charac-
teristic curve or the F1 score. More clinically meaningful outcome measures may include
outcomes such as true-positive rates, false-positive rates, and false-negative rates. These
outcome measures will be application-specific and should be compared in a pre- versus

post-Al intervention analysis [33], [60].
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In summary, establishing dedicated mechanisms for safeguarding patient privacy, obtain-
ing vendor cooperation for evaluation before purchasing new Al tools, managing imaging
data collection, resource allocation, and algorithm inference are all major tasks required for
developing infrastructures to comprehensively evaluate AI model performance. Thus, these
guidelines promote an evidence-based approach for adopting Al models that can enhance
radiology workflows and improve patient outcomes. As we describe next, we leveraged these
guidelines when developing ClinValAI. We demonstrate its utility by performing external
clinical validation of Mirai, a mammography-based breast cancer risk prediction algorithm,
and a large-scale comparative external validation of three FDA-approved mammography-

based breast cancer detection algorithms.

2.3 ClinValAI: A framework for developing Cloud-based infrastructures for
the External Clinical Validation of AI in Medical Imaging

To address the challenges described above, we developed ClinValAI30 — an open-source
cloud-agnostic unified framework for establishing robust infrastructures to validate Al algo-
rithms. We customize its functionalities for the clinical validation of AI models for medical
imaging applications. Using ClinValAI, medical institutions can rigorously evaluate models
before integrating them into clinical workflows. Healthcare institutions can use our frame-
work to screen data from large populations to accurately assess model generalizability and
investigate latent biases.

ClinValAI can be used to establish innovative, effective, and secure cloud-based valida-
tion infrastructures. details our conceptual framework for externally validating

AT models in clinical medicine.

2.3.1 Preserving Patient Data Privacy

Patient privacy and information security concerns constrain biomedical data sharing and
stymie AT algorithm development and validation efforts [61]. ClinValAT leverages the “Model
to Data” (MTD) paradigm [58, 62] to validate AI models on private biomedical data. Cloud
infrastructure and containerization techniques form the foundation of the MTD framework.

Rather than providing direct data access to the vendors, the Dockerized models are uploaded
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Figure 2.1: Conceptual overview of the ClinValAI framework.

to the cloud host as containers encapsulating the AI algorithms, their dependencies, and
other configuration settings required for successfully testing the models on the data stored
in the cloud. To address intellectual property concerns, ClinValAl supports license files for
Docker images, allowing Al vendors to control access to their AT models. Thus, ClinValAl
enables health institutions to preserve patient data within a firewall and run models on

medical imaging exams without providing vendors direct data access.

2.8.2 Data Pipeline Infrastructure

ClinValAl features multiple computational pipelines for biomedical data processing and

clinical validation of AI algorithms through a combination of series and parallel jobs.

Workflow Representation

To comprehensively express the workflow design, we leverage the Workflow Description Lan-
guage (WDL) [63] due to its comprehensibility and cross-platform interoperability. WDL
enables defining pipelines to process and analyze data. WDL necessitates an engine to exe-
cute its functionalities. Our proposed framework utilizes miniWDL [64], a WDL execution
engine for biomedical applications that functions as a job orchestrator for executing multi-
ple data processing workflows in a parallel fashion, depending on the available memory and

computing resources. The customizability of ClinValAI’s workflow representation method
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bolsters its utilization for the clinical validation of Al

Job Scheduling and Batch Processing Orchestration Mechanism

Our framework is equipped with tools that provision compute instances and communicate
with the miniWDL engine and a container job scheduling mechanism to automate infras-
tructure deployment . It can be further modified for more granular control
over those pipelines, as described in After the workflow submission, the WDL
script is uploaded to cloud storage, and the job scheduling mechanism is invoked to run a
miniWDL container, known as the “head” job container. ClinValAl implements data pro-
cessing pipelines through the miniWDL engine operating on this container. The head job
pulls the WDL script from the cloud storage and, per its instructions, directs the scheduling
mechanism to spin up “task” job Docker containers that execute individual components of
the workflow. ClinValAl enables the head job containers to spin up multiple sets of task

job containers to achieve the parallel execution of computational steps.

. Task Job Containers
Customized Tool 2. Instruction to start 1
ustormized 100 miniWDL container .
L.. o

Container Job

Scheduling Mechanism & & &

‘, {Wd l} 1. Upload wdl Task Job Containers
o script to cloud 3. start miniWDL 5 Instruction to start Workflow Streams
storage container lask]ob containers
4. Pull wdl script
from cloud storage Operat
Py £ » * crales on miniWDL engine
Cloud Storage Py {wd ]_} Head Job
Container

Figure 2.2: ClinValAT’s job scheduling and batch processing orchestration mechanism.

For the external validation of mammography-based breast cancer screening algorithms,
our ClinValAl-based cloud infrastructure ingests a set of compressed files, each representing
a batch comprising multiple sub-folders corresponding to patients’ mammography exams.
ClinValAlI creates multiple execution streams for each set; all exams in one batch are pro-

cessed serially by leveraging numerous task containers running sequentially. Exams in one
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Figure 2.3: ClinValAl’s data ingestion workflow ensures that inputs are consistent with

model prerequisites.

batch are scored independently of other batches in a parallel fashion. Thus, ClinValAI’s
data pipeline enables leveraging the full potential of the cloud computing environment.

In addition to validating AI models using their Docker images, our framework supports
customizing Linux Docker images to establish optimized workflows. Rather than dynam-
ically pulling scripts from cloud storage at run-time, ClinValAl facilitates configuring the
Docker images at build time. This approach avoids inadvertent version updates in the se-
quence of instructions during run-time, which could produce inconsistent results. While
fetching scripts from cloud storage during run-time is more convenient, baking them into

the Docker image enhances reliability.

2.8.8 Data Ingestion Workflow

ClinValAl’s data ingestion workflow (Figure 2.3)) is the first of the three stages in the

framework. It comprises an input auditing and a data standardization mechanism.

Input Auditing Mechanism

ClinValAT’s input auditing mechanism performs the vital task of verifying if the data can be
processed and is aligned with the model’s prerequisites before initiating the scoring process.
This can help ensure a sample size that preserves statistical power for meaningful analysis.
Through a configured Linux Docker image, it compares the uploaded data with a manifest
file and algorithm-specific requirements to verify that the dataset is complete with all the
required information.

For external validation studies, a manifest file is created that comprises the accession
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numbers, data modality, the corresponding number of images in each exam, image later-
ality and projection, file sizes, and other relevant information. The auditing logic checks
for corrupted files, DICOMs with missing pixel array data, and unsupported manufacturing
devices, and monitors if the image metadata contains all the information required by the
algorithm. For example, Al models for mammography interpretation may not be able to
process images if view/projection (Cranio-Caudal (CC) or Medio-Lateral Oblique (MLO))
or laterality (left or right breast) information is missing from DICOMs. ClinValAl thor-
oughly analyzes the data to identify such inconsistencies and features a comprehensive input

auditing mechanism to ensure a seamless external validation study.

Data Standardization

Standardizing inputs before initiating AI algorithm processing is necessary if there is vari-
ation from multiple data sources or if a data source requires enrichment before algorithmic
processing can take place. ClinValAl’s data standardization mechanism analyzes the find-
ings of the input auditing logic and provides the feature of customizing the associated Linux
Docker image to achieve data standardization and ensure the quality of the study data.
For external validation of Al models for mammography interpretation, if a set of DI-
COMs is corrupted or missing pixel array information, the standardization mechanism does
not pass them through the scoring workflow. Similarly, it removes images that do not match
the study criteria — for example, deleting all the non-mammography images to ensure that
only the acceptable modalities are included. One of the important aspects of ClinValAT’s
data standardization mechanism is its ability to impute missing information. For example,
if an image does not have laterality or projection information in the DICOM headers, the
framework populates the DICOM metadata using the details from the manifest files.
Moreover, if the required data is not available in the manifest file, it parses other de-
scriptive DICOM headers to look for specific information for imputation. For example,
AT algorithms for mammography interpretation expect laterality information in one of the
ImageLaterality, Laterality, or FrameLaterality headers and projection information in the
ViewPosition header. If these tags are missing, ClinValAl’s data standardization mechanism

analyzes other subjective headers like SeriesDescription to systematically impute laterality
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Figure 2.4: ClinValAT’s scoring workflow ensures consistent inferencing and systematic trou-
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and projection information into their respective tags. Thus, ClinValAl can be customized
to facilitate effective data cleaning and preprocessing, information imputation, and data
standardization.

2.8.4 Scoring Workflow

ClinValAT’s scoring workflow (Figure 2.4)) is the second stage in the framework. It comprises

a data restructuring, an algorithm inferencing, and a score extraction mechanism.

Data Restructuring

Various health institutions can organize patient data and medical images in different for-
mats, requiring datasets to be systematized by patient ID, accession numbers, or date of
collection. Different AI models can have their specific input structuring requirements. For
example, a model may require all images from a patient to be in a single folder, while an-
other may need additional sub-folders based on exam ID or modality. Different models may
need varying numbers of images per exam — for instance, a breast cancer screening algorithm
may need four standard 2D views of a mammogram (CC and MLO views of the left and
right breast), whereas some models can function even with unilateral exams. Some models
can raise errors if inputs contain multiple images of the same view and laterality combi-
nation, while others can successfully score them. Moreover, some models can process 2D
and 3D images simultaneously, while others can leverage separate Docker images depending
on shape and modality. ClinValAl supports extensive data restructuring by enabling the

customization of Docker images to account for model-specific variations through the holistic
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analysis of DICOM metadata and pixel array information, thereby establishing consistency

between input and model criteria.

AT Algorithm Inferencing

ClinValAl enables effective customization of Al algorithms’ Docker images to facilitate ac-
curate Al algorithm inferencing, i.e., using the trained AI model to generate predictions
on input data. The Docker file is specified with the required environment variables and
necessary scoring scripts, and the updated Docker image is used to spin up the AT model’s
Docker container to execute algorithmic processing. Information about the computational
requirements of the Al algorithms can be utilized to identify the appropriate compute in-
stances to be specified in our framework. To work with asynchronous inferencing workflows,
our framework also features a polling mechanism depending on the inference time of each
algorithm to ensure that the compute instances are not stalled due to inconsistent data,
node failures, or other issues. Furthermore, our framework provides the flexibility of incor-
porating additional steps, such as drafting a list of input studies to be processed or creating
corresponding output folders for storing final results, depending on the models’ prerequisites.
Thus, by facilitating multiple customization features, ClinValAl enables robust validation

of AT algorithms.

Score Extraction

After the completion of the scoring process, the model’s generated files need to be pro-
cessed to retrieve specific outputs of interest, such as image-, exam-, or patient-level scores.
Different AI algorithms have different ways of representing outputs. ClinValAl enables
customizing the Linux Docker image to follow the modes and steps to extract scores from
diverse formats — from flat files like comma-separated values (CSV) documents to highly
nested DICOM Structured Reports (SRs) and JavaScript Object Notation (JSON) objects.
Similarly, ClinValAlI also facilitates the storage of supplementary files, such as annotations
in processed images or heat maps, and associated model explanations, if available, to facili-
tate improved interpretation for radiologists. Moreover, this step also records and organizes
logs specific to the algorithm and workflow. Thus, ClinValAl facilitates systematic trou-

bleshooting, effective scoring, and rigorous clinical validation of Al algorithms.
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missing results and aggregates final outputs for downstream analysis.

2.3.5 Output Processing Workflow

ClinValATl’s output processing workflow (Figure 2.5) is the third and final stage in the

framework. It comprises an output auditing and an output aggregation mechanism.

Output Auditing Mechanism

Once the scoring workflow has been executed, ClinValAl performs the essential task of
verifying if results have been produced for all the inputs and if the generated files comply
with the algorithm’s expected outputs. Moreover, the framework facilitates examining if
the required numeric values of interest, inference reports, and supplementary files can be
extracted from the resulting outputs. ClinValAl identifies samples with missing output data,
irretrievable scores, and corrupted output files to enable analysis of samples to be re-scored.
If no outputs are generated for a patient’s exam, infrastructure-specific logs can be inspected
to check for issues related to compute instances or customization of the Docker images. If
scores cannot be extracted from the model’s output for an exam, algorithm-specific logs can
be analyzed to check for inconsistencies and errors. Overall, ClinValAl facilitates a holistic

output auditing mechanism for the streamlined validation of models.

Output Aggregation Mechanism

Outputs from individual workflows are hierarchically stored based on set number, batch
number, and exam ID. Analyzing the complete dataset in the distributed format of cloud

storage can be cumbersome. Before statistical analysis can be performed, ClinValAl system-
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Figure 2.6: Entity Relationship Diagram for the aggregated output data. Abbreviations:
URI=Uniform Resource Identifier; PK=Primary Key; FK=Foreign Key

atically aggregates relevant details by appending all results to a relational database. After
the completion of scoring workflows for all standardized batches of exams, the pipeline
connects to the database and hierarchically uploads data from the audited results, supple-
mentary files, and logs by inserting rows for every set, batch, and exam as demonstrated
by the entity relationship diagram . During statistical analysis, this database
is pulled to analyze findings. ExamlIDs and Study UIDs (Unique Identifiers) are used to
cross-reference the Al algorithm’s results and the attributes of interest.

Thus, ClinValAl features multiple customizable workflows to establish optimized infras-

tructures for robust clinical validation of Al algorithms for medical imaging applications.

2.4 Demonstrating the utility of ClinValAI

To evaluate the utility of our framework, we used our ClinValAl-based cloud infrastructure
to perform a rigorous external validation of Mirai [20], a state-of-the-art open-source deep
learning algorithm that predicts future breast cancer risk across five years by processing
the four standard views of a 2D digital mammogram — Cranio-Caudal and Medio-Lateral
Oblique views of the left and right breast. Additional details on Mirai’s model architecture

are explained in Chapter 3.

2.4.1 Patient Cohort

All mammography screening exams from 2010-2014 performed across four imaging facilities

in the University of Washington (UW) Medicine health system were reviewed for eligibility.
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Exams of women with age < 40 or > 80 years, a personal history of breast cancer, or
the presence of breast implants were excluded. Cancer outcomes at year 5 after every
exam were collected via linkage to the Washington State cancer registry, which captures
all breast cancers diagnosed within the state of Washington through December 31st, 2020,
allowing for robust ground truth for all screening exams. Information on breast density and
patient demographics, including age at the time of imaging and race, were obtained from the
University of Washington Medicine electronic medical records. ClinValAl excluded exams
with insufficient 2D screening images and processed 26,449 exams from 14,291 patients to
generate Mirai scores. A total of 543 exams (2.1%) were followed by a breast cancer diagnosis
within five years (88 in year 1, 92 in year 2, 112 in year 3, 119 in year 4, and 132 in year
5). shows the patient characteristics. BI-RADS[65] categories ‘heterogeneously
dense’ and ‘extremely dense’ correspond to dense breasts, and ‘almost entirely fatty’ and

‘scattered fibroglandular’ correspond to non-dense breasts.

2.4.2 Statistical Analysis

A mammography exam was used as the unit of analysis. Nonindependence of multiple exams
from the same women was accounted for in calculations of 95% confidence intervals (Cls) and
p-values by using generalized estimating equations (GEE) or the nonparametric bootstrap,
clustered by woman [66]. The Mirai algorithm provides cumulative risk predictions for years
1-5 following the index examination. The outcome used for evaluating the performance of
Mirai was the presence/absence of a cancer diagnosis at each timeframe. The discrimination
performance of Mirai was evaluated using receiver operating characteristic (ROC) curves,
the area under the ROC curve (AUC), and Uno’s concordance index (c-index) as an overall
summary over the 5-year timeframe [67]. The calibration of Mirai was evaluated using
calibration plots and corresponding summaries of overall calibration (calibration-in-the-
large) and the calibration slope [68]. To help distinguish between breast cancer detection
vs. risk prediction performance, we performed the analyses using all available exams and
then repeated the analyses after excluding exams that had a breast cancer diagnosis within
six months. All statistical analyses were conducted using R (version 4.3, R Foundation

for Statistical Computing, Vienna, Austria). All hypothesis tests were two-sided, with



Table 2.1: Patient characteristics at each exam.

Breast Cancer within 5 years

All Yes No

Variable (n = 26,449) (n = 543) (n = 25,906)
Age

40-49 7,014 (26.5%) 114 (21.0%) 6,900 (26.6%)

50-59 9,431 (35.7%) 151 (27.8%) 9,280 (35.8%)

60-69 7,082 (26.8%) 171 (31.5%) 6,911 (26.7%)

70-79 2,922 (11.0%) 107 (19.7%) 2,815 (10.9%)
Race

White 20,365 (82.6%) 460 (87.1%) 19,905 (82.5%)

Black 1,649 (6.7%) 31 (5.9%) 1,618 (6.7%)

Asian 2,394 (9.7%) 33 (6.2%) 2,361 (9.8%)

Other 241 (1.0%) 4 (0.8%) 237 (1.0%)

Unknown 1,800 15 1,785

Breast density

Not dense 11,659 (44.1%) 216 (39.8%) 11,443 (44.2%)
Dense 14,786 (55.9%) 327 (60.2%) 14,459 (55.8%)
Unknown 4 0 4

Values are number (%).

statistical significance defined as p < 0.05.

2.4.8 Discrimination Performance

AUCs ranged from 0.81(95%C1 : 0.75 — 0.86) for 1-year cancer outcomes with the 1-year
Mirai scores to 0.70(95%C1T : 0.0.67 — 0.72) for 5-year cancer outcomes with the 5-year

Mirai scores when including all examinations (Figure 2.7 [Table 2.2). The c-index was

0.70(95%C1T : 0.67 — 0.72). After excluding 70 exams with a cancer diagnosis within six
months, the AUC was 0.72(95%C1T : 0.56 — 0.84) at 1 year and 0.68(95%C1 : 0.65—71) at 5
years, while the c-index was 0.68(95%CI : 0.65 — 0.70). These values were more similar to
previously reported results in other cohorts [26] [41] after applying the same type of exclusion

[41] (Table 2.2), though they were still on the lower end of the range. Discrimination, as
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Figure 2.7: Discrimination performance of Mirai. Panel A: ROCAUC values over time and
the overall c-index. The orange values are based on all exams, and the blue values are after
excluding cancers within six months. Error bars represent 95% CIs. Panel B: ROC curves
at different time points based on all exams. Panel C: ROC curves at different time points

after excluding cancers within six months.
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Figure 2.8: Discrimination performance of Mirai within subgroups. Error bars: 95% Cls.

Dashed line: AUC = 0.50.

measured by the overall c-index, was also examined within subgroups defined by age, race,
and breast density, as shown in There were no statistically significant differences

in the c-index between subgroups (unadjusted p > 0.094 for each comparison).

2.4.4 Calibration Performance

Calibration plots for Mirai risk predictions versus observed at different timeframes are shown

in [Figure 2.9 The corresponding metrics of overall calibration (observed risk minus mean
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Table 2.2: Discrimination performance of Mirai in the University of Washington and 7

previously reported cohorts.

1-Year AUC 5-Year AUC C-index
(95% CI) (95% CI) (95% CI)
All Exams
University of Washington, USA 0.81 (0.75-0.86) 0.70 (0.67-0.72) 0.70 (0.67—0.72)
MGH, USA[26] 0.84 (0.80-0.87) 0.76 (0.73-0.79) 0.75 (0.72-0.78)
Novant, USA[41] 0.78 (0.73-0.84) 0.75 (0.70-0.80) 0.75 (0.70-0.80)
Emory, USA[4I] 0.83 (0.81-0.86)  0.76 (0.74-0.79)  0.77 (0.75-0.79)
Maccabi-Assuta, Israel[41] 0.86 (0.81-0.91) 0.75 (0.71-0.79) 0.77 (0.73-0.81)
Karolinska, Sweden[26] 0.90 (0.89-0.92)  0.78 (0.76-0.80)  0.81 (0.79-0.82)
CGMH, Taiwan|20] 0.90 (0.87-0.93)  0.79 (0.75-0.82)  0.79 (0.76-0.83)
Barretos, Brazil[26] 0.89 (0.86-0.93) 0.82 (0.78-0.86) 0.84 (0.81-0.88)

Excluding Cancers within 6 Months
University of Washington, USA 0.72 (0.56—0.84) 0.68 (0.65-0.71) 0.68 (0.65—0.70)

MGH, USA [26] 0.71 (0.60-0.84)  0.71 (0.68-0.75)  0.69 (0.66-0.73)
Novant, USA[AI] N/A 0.72 (0.66-0.79)  0.72 (0.66-0.79)
Emory, USA[AT] 0.74 (0.66-0.84)  0.71 (0.68-0.74)  0.69 (0.66-0.72)
Maccabi-Assuta, Israel[41] N/A 0.68 (0.62-0.74) 0.70 (0.64-0.76)
Karolinska, Sweden[20] N/A 0.71 (0.69-0.73) 0.71 (0.69-0.74)
CGMH, Taiwan[26] 0.84 (0.72-0.99)  0.70 (0.66-0.75)  0.70 (0.66-0.75)
Barretos, Brazil[dl] 0.87 (0.80-0.94)  0.75 (0.70-0.80)  0.78 (0.74-0.83)

MGH = Massachusetts General Hospital; CGMH = Chang Gung Memorial Hospital.

predicted risk) and the calibration slope are shown in When all exams are
included, the metrics indicated significantly overestimated risk in years 1-2 (overall cali-
bration: —0.15% to —0.10%, p < 0.014 for both), but that Mirai was overall reasonably
well calibrated for the later years, where the 95% CIs for overall calibration included zero

(no difference between observed and predicted risk on average) and the 95% ClIs for the
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Table 2.3: Calibration statistics for Mirai.

All Exams

After Excluding Cancers within 6 Months

Overall Calibration*  Calibration Slope!

Overall Calibration*  Calibration Slope'

Timeframe Estimate  (95% CI)  Estimate (95% CI) Estimate  (95% CI)  Estimate (95% CI)
(%) (%)

l-year risk  —0.10 (—0.17,-0.03) 0.83 (0.52,1.22)  —0.36 (—0.39,—0.32) 0.05 (0.00,0.12

2year risk  —0.15 (—0.25,—-0.04) 0.76 (0.51,1.06)  —0.40 (—0.48,—0.32) 0.21 (0.08,0.36

3-year risk —0.13  (—0.29,0.03)  0.89 (0.60,1.20) —0.38 (—0.53,—0.26) 0.40 (0.20,0.63

dyear risk  —0.05 (—0.25,0.14)  0.90 (0.63,1.20)  —0.31 (—0.49,-0.12) 0.50 (0.27,0.76

5-year risk  0.09 (—0.15,0.33)  1.03 (0.75,1.32) —0.16  (—0.38,0.07)  0.66 (0.44,0.91

*Observed risk minus mean predicted risk; a value > 0 indicates the prediction underestimates risk
on average, and a value < 0 indicates the prediction overestimates risk.

TA well-calibrated model has a calibration slope of 1; slope > 1 indicates that high predictions
tended to underestimate risk (not high enough) and low predictions tended to overestimate risk
(not low enough); slope < 1 indicates predictions tended to be more extreme than observed (high

values too high and low values too low).

calibration slope included 1 (predictions were not more or less extreme [farther from the

mean| than observed on average).
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Figure 2.9: Calibration plots of Mirai with all exams included, with predicted risks grouped
into deciles of approximately equal size. Error bars represent 95% ClIs. The dashed line

corresponds to perfect calibration (intercept = 0, slope = 1).
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When exams with cancer diagnoses within six months were excluded, the calibration
metrics substantially worsened (Table 3). Overall, Mirai significantly overestimated risk,
more so at earlier timeframes (overall calibration: -0.40% to -0.36% in years 1-2 and -
0.31% to -0.16% in years 4-5), and the calibration slopes were significantly less than 1 at
all timeframes (calibration slopes: 0.05 to 0.66, p < 0.012 across years).

Thus, ClinValAl enabled the establishment of an effective cloud infrastructure to suc-
cessfully perform the clinical validation of Mirai on a large and diverse dataset to study its

generalizability.

2.5 Large-scale comparative evaluation of commercial FDA-approved AI Al-
gorithms

The rigorous external validation of Mirai on the UW Medicine dataset demonstrated the
feasibility of our framework in understanding the generalizability of deep learning models
for medical imaging applications.

As we described at the start of this chapter, it is usually not feasible for a single in-
stitution to validate multiple commercial Al systems with its own data. Now that we
have built ClinValAl and demonstrated its feasibility with Mirai, the next step is to show
that ClinValAl can be used with a wide range of Al algorithms. Below, we describe the
process of customizing ClinValAl to perform a large-scale comparative evaluation study of
multiple FDA-approved commercial Al algorithms for mammography-based breast cancer
detection using over 18,000 screening mammography exams contributed by seven U.S. re-
gional registries affiliated with the Breast Cancer Surveillance Consortium (BCSC) [69].
BCSC registries systematically capture long-term cancer outcomes for each exam through
linkage with local, regional, and state-level cancer registries, providing an unparalleled,
gold-standard dataset.

We established a centralized cloud-based infrastructure on AWS (Amazon Web Services)
using our ClinValAl framework to generate exam-level Al scores. Moreover, we implemented
a secure mechanism for the BCSC registries to share de-identified data and customized our

infrastructure to ensure robust external validation workflows.
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2.5.1 Data Aggregation

We set up an S3 (Simple Storage Service) bucket and created individual folders for each
BCSC registry. We leveraged the Secure File Transfer Protocol (SFTP) to implement an
encrypted method that enabled registries to upload de-identified mammograms and associ-
ated manifest files from their databases. Every registry was provided with an authorization
key that was configured to allow each registry only to access its corresponding folder in the
cloud storage.

Additionally, for registries that did not have mammography exams stored in a separate
database, we created an alternate mechanism that enabled them to transfer exams directly
from their PACS (Picture Archiving and Communication System) server. We implemented
a PACS-to-PACS transfer mechanism that allows interoperable sharing of DICOM images.
Nearly all medical institutions today utilize PACS-to-PACS transfer for HIPA A-compliant
communication. To support PACS-to-PACS transfer in our infrastructure, we deployed
Orthanc[70], a lightweight, open-source PACS, on EC2. Orthanc communicates with an
allowed list of outside senders to receive DICOM data, store it in the cloud, and stage it for

later extraction, similar to SFTP.

2.5.2  Registry-specific customizations to the Data Ingestion Workflow

The data ingestion workflow consists of mechanisms for input auditing and data standardiza-
tion. No additional customizations in the input auditing mechanism to check for corrupted
files, missing DICOM headers, images from unsupported manufacturing devices, etc., were
necessary.

However, we made multiple registry-specific modifications to the data standardization
mechanism using ClinValAD’s configurability. For example, different dataset batches from
various registries required distinct imputation logic to infer laterality and projection in-
formation for images with missing DICOM headers. We added a registry-specific data
restructuring feature to the data standardization mechanism since datasets received from
all registries were organized in different formats. For example, data from some registries
included additional image-level folders containing individual DICOMs from an exam. In

contrast, other registries transferred DICOMs without any exam-level structuring, requir-
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ing analysis of the DICOM headers to organize images into exam-level folders. We organized
all datasets into a standardized exam-level format, thereby streamlining the implementation
of subsequent algorithm-specific data restructuring pipelines. Such customizations helped

expand the utility of ClinValAl.

2.5.8 Algorithm-specific customizations to the Scoring Workflow

The scoring workflow comprises mechanisms for data restructuring, algorithm inference, and
score extraction. All Al algorithms had disparate input structuring requirements. Scoring
workflows are algorithm-specific — essentially, all three mechanisms were customized for each
commercial Al model. Similarly, each Al algorithm had its specific way of representing its
outputs. For each Al model, data restructuring mechanisms were tailored to transform the
datasets from the standardized format to the model-specific format. Additional criteria,
such as the permitted number of images per view or the segregation of 2D and 3D im-
ages, were also considered while customizing the Docker images associated with the data
restructuring mechanism.

AT algorithm inferencing mechanisms were configured to leverage and customize the
Docker images comprising the deep learning model, programmatic dependencies, and the
associated codebase necessary to process exams. For commercial algorithms with separate
Docker images for scoring 2D and 3D images, the inference mechanism was split into two
corresponding parallel pipelines. ClinValAl’s feature of using the polling mechanism was
also incorporated where applicable. Appropriate compute instances with multiple GPUs
(Graphics Processing Units) based on the parametric complexity of the algorithms were
specified in the framework and utilized by the infrastructure for executing scoring scripts.

The output extraction mechanism for each AI model was customized based on the
model’s generated files, for example, comma-separated values (CSV) documents, JavaScript
Object Notation (JSON) objects, or DICOM Structured Reports (SRs). We tailored the
pipeline to extract exam-level scores from output files based on the documentation shared
by the AI vendors — essentially, score value from row-column index from CSV files, key path
from JSON objects, and Concept Name Code Sequence Attribute from DICOM SRs. We

also stored all algorithm-generated supplementary files, including logs and models’ annota-
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tions on images, for improved downstream interpretability and troubleshooting.
These algorithm-specific customizations to the scoring workflow streamlined our external

validation efforts.

2.5.4  Troubleshooting-related customizations to the Output Processing Workflow

The output processing workflow comprises an output auditing mechanism and an output ag-
gregation mechanism. ClinValAl’s output auditing mechanism identifies exams with missing
scores and helps determine issues with such exams. We performed additional troubleshoot-
ing steps to ensure that scores are received for the largest possible number of exams, thereby
maintaining a significant sample size with a robust demographic distribution. For every Al
algorithm, all exams with missing scores were passed again through the scoring workflow
to check for any infrastructure issues. We parsed all workflow-specific logs to identify any
errors associated with limited memory, insufficient compute, or problems with GPU drivers.
After addressing these errors and re-executing the scoring workflow, the algorithm-generated
logs were aggregated for any subsequently remaining exams with missing scores. We shared
those logs with the Al vendors to understand potential issues with the DICOMs and scoring
pipelines. By working in a closed feedback loop with the vendors, we updated the scoring
scripts and resolved problems with DICOM metadata.

Incorporating these customizations into ClinValAI’s output processing workflow enabled
a systematic troubleshooting approach, providing us with exam-level ATl scores for a large

and diverse dataset.

2.5.5 Analysis

Patient Cohort

The BCSC study cohort consisted of 18,317 screening mammography exams from seven
U.S. regional registries affiliated with the BCSC. All mammograms were from women over
40 years at the time of screening. We included bilateral screening mammography exams
without a personal history of breast cancer, and with a two-year follow-up. All exams had
either an initial end-of-day (EOD) BIRADS assessment—defined as a BIRADS assessment
after a same-day work-up —or a final BIRADS assessment—defined as a BIRADS assess-

ment after all work-up is completed, considering the full screening process, including any
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diagnostic work-up, or both. The exams were sampled with a 1:2 case-control ratio: 3,512
exams had breast cancer detected within one year of screening, 2,262 had breast cancer
detected between one and two years of screening, and the remaining 12,543 exams were

controls (i.e., no breast cancer detected within the two-year follow-up period). |Table 2.4
provides the distribution of 2D and 3D mammograms for the BCSC study.

Table 2.4: Distribution of 2D and 3D screening mammography exams.

All Control Case: <1 year Case: 1-2 years
Mammography Exam Type (n=18,317) (n=12,543) (n=3,512) (n=2,262)
2D Digital Mammogram 14913 (81.4%) 10055 (80.2%) 3039 (86.5%) 1819 (80.4%)

3D Digital Breast Tomosynthesis 3404 (18.6%) 2488 (19.8%) 473 (13.5%) 443 (19.6%)

AT Score Distribution

To preserve the anonymity of the FDA-approved commercial Al algorithms participating
in our large-scale comparative evaluation study, the deep learning models are denoted by
variables A, B, and C. demonstrates the score distribution of these AI models
across all exams, stratified based on the cancer status — control, case (1-2 years), case (<1
year). Al scores can be binarized by using the 90" percentile of control exam scores as the
threshold for classifying whether an algorithm detects cancer on a mammogram.
Qualitative analysis suggests that all three algorithms assign higher scores to exams with
a cancer detected within one year of screening than to exams with a cancer detected within
two years of screening. Similarly, for all three algorithms, scores assigned to controls are
lower than those assigned to cases. Additionally, the distributions of scores are concentrated

toward lower values for algorithm A and toward higher values for algorithm C.

Score distribution stratified by breast density

Analyzing the performance of Al algorithms based on breast density is essential to assess
their generalizability. demonstrates the comparison of algorithms’ performance
for exams from dense (BIRADS c and d) vs. non-dense (BIRADS a and b) breasts. Qual-

itative assessment of the score distribution suggests that all Al algorithms demonstrate
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Figure 2.10: Distribution of exam-level scores from three FDA-approved commercial Al
algorithms. The 90" percentile of scores among control exams is represented as a threshold

to binarize Al scores.
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Figure 2.11: Stratification of Al algorithm scores based on breast density.
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marginally improved classification of cases vs. controls for exams from non-dense breasts
compared to dense breasts, highlighting the challenges of lesion detection in women with
dense breasts. This observation is particularly evident for algorithms B and C, as the sep-
aration between the score distributions of cases and controls is more distinct in non-dense

breasts than in dense breasts.

Score distribution stratified based on radiologist assessment

Analyzing the distribution of AT algorithm scores based on the initial end-of-day (EOD) and
final radiologist assessments can help understand the potential for integrating Al algorithms

into radiology workflows for breast cancer detection. To examine the benefits and concerns

of Al-based breast cancer detection, |[Figure 2.12| and [Figure 2.13| compare Al scores with

binarized EOD and final BIRADS assessments, respectively. Observations are consistent
in both scenarios. For exams with breast cancer detected within 1 year or between 1 and
2 years of screening, scores from all three Al algorithms show improved cancer detection,
with a higher proportion of AI scores exceeding the detection threshold (defined as the 90th
percentile of scores on the control exams).

Moreover, the proportion of exams deemed cancer-negative by radiologists but cancer-
positive by Al algorithms demonstrates the potential of these models to detect cancer in
exams where suspicious regions may not have been visible to radiologists. However, we also
observe a higher proportion of false-negative Al assessments, especially for algorithms A
and B, particularly for exams that develop breast cancer within one year of screening. For
controls, while all Al algorithms show a higher proportion of scores below the detection
threshold, the proportion above the threshold is higher than the radiologists’ false-positive
rates, underscoring the need for targeted fine-tuning efforts. We also observe several exams,
in both cases and controls, where both radiologists and Al algorithms face challenges in
interpreting those screening mammograms.

Thus, this analysis provides a method to compare the performance of Al algorithms
with that of radiologists and to understand the potential advantages and caveats associated
with the adoption of these FDA-approved models in radiology workflows.

Overall, this large-scale comparative evaluation study demonstrates the potential of
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Initial EOD result

Figure 2.12: Comparison of Al score distribution and radiologists’ end-of-day (EOD) as-

sessments

Final result

Al score

Figure 2.13: Comparison of Al score distribution and radiologists’ final assessments.
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leveraging ClinValAl to establish robust cloud-based infrastructures to assess the gener-
alizability and real-world potential of Al algorithms before their integration into clinical

workflows.

2.6 Clinical Impact

With multiple Al algorithms receiving FDA clearance for the same radiology applications,
the selection and integration of these Al technologies into local clinical radiologists’ workflow
will become a major task for health care organizations. Successful and clinically meaningful
deployment of Al will be contingent on the rigorous external validation of these models to
select the most effective algorithm for a specific target population. Concerns regarding the
underperformance of overparametrized deep learning models on out-of-distribution valida-
tion sets can lead to reservations about the generalizability of FDA-cleared Al algorithms.
Thus, empowering healthcare organizations to conduct robust external validation of multi-
ple commercial AT products locally before adoption in their target population will be crucial
moving forward.

Administering external validation studies for imaging-based Al in healthcare algorithms
should be a collaborative effort involving clinical leadership and interdisciplinary teams
with multiple stakeholders possessing skills in I'T infrastructure development, medical image
analysis, Al, and biomedical informatics. Institution-specific validation infrastructures can
be reused to periodically monitor the performance of Al algorithms over time, allowing the
identification of AT model drift in target populations. Periodic revalidation of AT models
eventually deployed in clinical workflows can identify temporal performance degradation
for specific sub-populations. Thus, the continuous monitoring feature enables analyzing
variations in model performance vis-a-vis data drift and model drift.

Detecting unexpected behavior in AI models through comprehensive error and bias anal-
ysis, and communicating validation results back to Al vendors, can also advance algorithm
refinement. Essentially, model developers can leverage feedback from single-institution val-
idations to establish targeted fine-tuning of deep learning algorithms and enhance the ac-

curacy of Al models for specific subpopulations. Similarly, Al vendors can take necessary
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steps to account for specific manufacturing devices if the captured images are not supported
or cause reduced model performance. Independent external validation of commercial Al al-
gorithms can thus motivate developers to enhance the explainability of their AI models,
thereby enhancing the potential of receiving clinicians’ trust. Overall, external validation
studies can promote the development of robust, reliable, and trustworthy models, and foster
enhanced academic-industry partnerships.

In addition to enabling individual healthcare institutions to perform external validation
of promising Al algorithms (section , ClinValAI can be used to conduct large-scale
comparative evaluations of multiple FDA-approved commercial Al tools (section using
medical imaging data acquired across diverse health systems. Such comparative studies can
enable a better understanding of performance variation across Al models, enable stratified
analyses across clinically meaningful subgroups, and evaluate the potential benefits and
risks of integrating Al algorithms into clinical workflows. Moreover, by enabling large-scale
external validation efforts on data from diverse cohorts, our work has the potential to foster
health equity and overcome health disparities by promoting the development of robust,
interpretable, and generalizable Al algorithms for healthcare applications.

Thus, our ClinValAl framework promotes the external clinical validation and compar-
ative evaluation of Al algorithms on medical imaging exams, thereby providing the op-
portunity to reliably understand the real-world performance of Al-based clinical decision
support systems in healthcare settings and their impact on patient care, health, and safety.
ClinValAI can be leveraged to evaluate the generalizability of deep learning models on
healthcare data from diverse demographics to analyze the differences in performance across
various sub-populations and identify biases. ClinValAl can facilitate the detection of mod-
els’ failure modes and enable an understanding of AI’s potential to function as a standalone
tool for diagnostic applications.

Overall, ClinValAI can pave the way for studying the capabilities of Al algorithms in
optimizing clinical workflows and reducing the burden on the medical practitioners. By pro-
viding a foundational framework for establishing cost-efficient and robust infrastructures for
external validation of AT algorithms, ClinValAl can help institutions adopt high-performing

AT algorithms into their radiology workflows and promote improved outcomes.
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Chapter 3

FEATURE-SPACE OCCLUSION TO EXPLAIN A DEEP LEARNING
BREAST CANCER RISK PREDICTION MODEL

In Chapter 2, we demonstrated our work on addressing the challenges associated with
performing external validation of deep learning algorithms for medical imaging applications.
ClinValAl can help identify robust, generalizable AI tools. However, realizing the full
potential of such black-box deep learning models requires understanding the factors driving
their predictions. In this chapter, we present our work on providing clinically meaningful
explainability to the risk estimates of the Mirai [26] algorithm for mammography-based
breast cancer risk prediction. Various external validation studies [41H44], including our
work in Chapter 2, have demonstrated Mirai’s accurate and generalizable performance.

Here, we introduce an explainability technique that remains faithful to Mirai’s archi-
tecture, with the aim of understanding the mammogram imaging features driving its risk
predictions, guiding timely interventions, and assessing the trustworthiness of model out-
puts. The following sections are from our manuscript titled ‘Feature-space Occlusion to
Explain a Deep Learning Breast Cancer Risk Prediction Model’, currently under review
at Radiology: Artificial Intelligence journal, with authors Ojas A. Ramwala, Cody Schopf,
Kathryn P. Lowry, John H. Gennari, Sean D. Mooney, Christoph I. Lee, and William Lotter.

3.1 Introduction

Advancements in artificial intelligence (AI) for medical imaging have led to the devel-
opment of promising mammography-based algorithms for breast cancer risk assessment
[25] 40, [7T), [72]. These deep learning models, which predict the risk of future breast can-
cer based solely on image features, have been shown to outperform traditional clinical risk
assessment tools [25, 47, [73, [74]. In particular, Mirai [26], an open-source mammography

image-based deep learning model for predicting five-year breast cancer risk, has demon-
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strated accurate and generalizable performance across diverse subpopulations in large-scale
validation studies [41H44]. These advancements have garnered much enthusiasm as a path
toward personalized screening strategies. For example, high-risk women may benefit from
more intensive screening, including supplemental imaging, whereas low-risk women could
potentially undergo longer screening intervals.

However, the specific underlying mechanisms of mammography-based Al breast cancer
risk prediction remain unclear. One possibility is that models like Mirai are identifying
localized imaging features, such as the early signs of a developing lesion. Conversely, the
model may make predictions based on global features like breast density or texture pat-
terns. Clarifying the features driving predictions is essential for optimizing clinical utility
and advancing the understanding of breast cancer risk more broadly. If the risk features
can be localized, focused diagnostic imaging and short-interval imaging follow-up may be
especially beneficial. Explaining Mirai’s predictions, and image-based models more gener-
ally, presents numerous challenges. Traditional explainability methods like Grad-CAM [75]
have been shown to have limited utility in representing the decision-making process of Al
algorithms, especially regarding localization [76, [77]. Studies specifically aiming to explain
Mirai have instead focused on how certain subsets of features associate with its predictions
or performance. AsymMirai simplifies components of Mirai’s architecture to explicitly com-
pute bilateral dissimilarity in the feature space [78]. Recently, Wang et al. [79] identified
that some of the features extracted by Mirai appear to quantify the presence of calcifications
and masses, and the values of these features correlate with Mirai’s predictions.

In this study, we developed an explainability technique that quantifies the influence of
localized regions of interest (ROIs) on Mirai’s risk estimates without altering its architecture.
The approach masks ROIs in Mirai’s feature space, leveraging the model’s use of Global Max
Pooling to explain its predictions more faithfully. By annotating a screening cohort with
both index (cancer diagnosed) and negative prior exams, we assessed the impact of removing
current and future cancer regions on Mirai’s risk scores and classified its predictions into
different semantic categories. Our technique and analysis aim to inform both technical
and clinical stakeholders, including radiologists, by interpreting Mirai’s predictions and

understanding whether local or global imaging features drive its risk estimates.
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3.2 DMaterials and Methods

3.2.1 Patient Cohort

The study cohort originated from a consecutive set of 2D screening digital mammograms
acquired between 2010-2014 from four imaging facilities within an academic health system.
Mirai’s performance has previously been validated in this patient population [43], demon-
strating generalization consistent with its performance in other cohorts. Five-year cancer
outcomes were obtained for each woman through linkage to the state cancer registry. From
the original consecutive cohort, we included exams in this study from women with a diag-
nosis of breast cancer (invasive or DCIS) within five years after the screening exam date.
Furthermore, we required that each woman have both an index screening mammogram,
defined as the mammogram for which breast cancer is detected in clinical practice within
90 days of screening, and a prior negative screening mammogram within the preceding five
years. Given the extensive annotation process described below, we subsampled the eligible
exams to a target of > 200 and prioritized exams from women with multiple priors to en-
able longitudinal analysis. All data were de-identified prior to analysis in compliance with
HIPAA. The study was conducted under a waiver of consent with approval granted by the

institutional review board.

3.2.2  Annotation Strategy

A fellowship-trained breast radiologist annotated each of the included exams (Figure 3.1J).
Rectangular bounding boxes were drawn on index exams around the malignant lesion(s)
on the CC (Cranio-Caudal) and MLO (Medio-Lateral Oblique) views of the cancer-affected
breast. Then, regions of matching size and location were annotated on the CC and MLO
views of prior exams to denote the regions of future lesion development. Additionally, the
radiologist annotated anatomically matched regions in both views of the contralateral breast
for each exam (i.e., the breast where cancer did not develop). We refer to the annotations
in the cancer-affected breast as “case” annotations and those in the contralateral breast as
“control” annotations.

For each case annotation, the radiologist also indicated the visibility of the lesion (yes or

no), lesion type (mass, calcification, architectural distortion, and/or asymmetry), and other
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Figure 3.1: Annotation Strategy. A bounding box denoting a malignant lesion is drawn on
the index exam, and a region of matching size and location is drawn on the prior exam. These
are referred to as “Case Annotations”. “Control Annotations” are provided by drawing
bounding boxes on anatomically matched regions in the contralateral breast of the index

and prior exams.
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associated findings (nipple retraction/skin and trabecular thickening/lymphadenopathy).
Annotations were made using a customized version of the VGG Image Annotator tool [80].
For all analyses, all bounding box annotations were resized to a standardized 512x512 pixels,
covering the full range of original bounding boxes and approximating breast quadrant-level
localization based on Mirai’s input image dimensions. This more standardized localization
scale was chosen to reflect potential future clinical utility; localizing a developing lesion
to a breast quadrant would facilitate targeted diagnostic imaging, whereas less specific
localization would not. The lesion visibility and type annotations were aggregated at the
exam level for subgroup analysis. An exam was classified as having a visible lesion if any
view contained a visible lesion annotation. Exam-level lesion type was defined as the union
of lesion types annotated across all views. Lesion-type analyses were omitted for exams

without visible lesions.

3.2.83 Owerview of Mirai’s Deep Learning Architecture

Details of Mirai’s deep learning architecture have been previously described [26]. Briefly,
Mirai processes the four standard images of a 2D digital mammogram — CC and MLO
views of the left and right breasts. Each image is first processed individually by the Image
Encoder module, consisting of a ResNet-18 [81] network that outputs a feature matrix of size
[512, 64, 52], representing the channels, height, and width, respectively. The feature matrix
is passed to a Global Max Pooling layer, a common operation in deep learning models like
ResNet [81], that extracts the maximum value for each of the 512 feature channels across
space, generating a [512, 1] dimensional vector. The vectors for each of the four views are
then passed to the Image Aggregator module, a Transformer [82] network, to generate a
combined representation, followed by a Risk Prediction module to generate 5-year absolute

risk predictions.

3.2.4 FOCUS: Feature-space OCclusion for Understanding Saliency

To assess whether Mirai focuses on regions where cancer develops, an intuitive approach
would be to ‘remove’ these regions from the input image (i.e., by setting the pixels to
zero) and observe the change in risk scores. However, such perturbations would render

the images out of distribution and may not faithfully represent changes in risk predictions.
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Instead, we developed the FOCUS (Feature-space OCclusion for Understanding Saliency)
method , which masks specific regions in the feature space rather than the pixel
space. Our approach leverages Mirai’s use of Global Max Pooling. First, coordinates in
pixel space are mapped to feature space by accounting for all neural network operations
of the ResNet-18 architecture of Mirai’s Image Encoder. Then, to mask a specific region
on a mammogram image, the features with coordinates that overlap with that region are
occluded (set to negative infinity). The modified features are then passed to Mirai’s Global
Max Pooling layer and Mirai’s subsequent modules. Since the Global Max Pooling layer
collapses the feature matrix into a vector by selecting the maximum value for each feature
channel across space, the occlusion of features from a specific region forces the model to

‘focus’ exclusively on other regions while maintaining the fidelity of features from these
regions ([Figure 3.3]).

3.2.5 Influence of Cancer Regions on Mirai’s Risk Assessments

For each mammogram, we computed Mirai’s risk predictions when applying FOCUS to case
annotations (‘case-occlusion’) and, separately, to control annotations (‘control-occlusion’).
In both scenarios, the occlusion was performed simultaneously in the CC and MLO views
for the corresponding breast . The effect of occlusion was quantified by com-
paring the resulting 5-year risk score to Mirai’s original 5-year risk score. Furthermore,
using Mirai’s reported high-risk threshold of 2.6% [26], we assessed whether the case or
control occlusion changed the risk estimates of high-risk exams to low-risk (defined as a risk

prediction below the high-risk threshold).

3.2.6 FOCUS Maps: Visualizing Mirai’s Feature Importance Distribution

For predicted high-risk exams that did not shift to low-risk upon case-occlusion, we per-
formed additional analysis to understand the features driving the high-risk prediction. To
do so, we developed visualizations using our FOCUS technique to quantify the importance
of each image region on Mirai’s predictions. Based on Mirai’s input size of 2048x1664 pixels,
we sampled 256x256 pixel patches with a stride of 128x128 pixels, resulting in 180 patches
per view, or 720 patches per mammogram. We applied FOCUS separately to each patch

and calculated the difference between the occlusion-based and original risk scores, termed
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Figure 3.2: FOCUS method applied to Mirai. Each pixel of a mammogram is mapped
to coordinates in the feature space based on the architecture of Mirai’s image encoder.
To remove annotated regions from Mirai’s interpretation, the corresponding coordinates in
ResNet-18’s feature matrix are masked, i.e., the voxels in feature space indicated by the red
cubes are set to negative infinity. This ensures that the Global Max Pooling layer selects
features from other regions when generating the feature vector for that view. The risk
score generated is then compared to the original risk score to estimate the impact of the

annotated region on Mirai’s prediction.
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(a) (b) (c)

Figure 3.3: Validating the implementation of the FOCUS technique. (a) Original heatmap
developed based on the projection of the coordinates of the maximum value from each
channel of the output feature vector of Mirai’s Global Max Pooling layer to the input
image. The intensity of each region denotes the proportion of feature space channels that
receive maximum information from that patch. (b) Input mammogram view with a red
bounding box indicating the Radiologist’s annotation of the lesion patch. (c) Heatmap
generated after performing feature-space occlusion to mask the lesion patch from Mirai’s
inference mechanism. The minimum intensity at the annotated region indicates that Mirai’s
interpretation from that patch was not passed to the subsequent layers and, therefore, was

not considered in its risk prediction.

the FOCUS Score, reflecting the influence of the patch on Mirai’s predictions. We visual-
ized these patch-level FOCUS Scores as heatmaps, termed FOCUS Maps, and identified the
patch with the maximum FOCUS Score per view and exam . As patches are
sampled with a stride equal to 50% of the patch size, overlapping regions can occur across
patches. For each overlapping region, we assigned the maximum FOCUS score among the
contributing patches. To ensure meaningful analysis and visualization, only patches whose
occlusion resulted in a reduction in risk scores and contain less than 50% background region

(defined as having a pixel value of 0) are included when creating the FOCUS Maps.
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Figure 3.4: Illustration of case vs. control occlusion to assess the impact of cancer re-
gions on Mirai’s predictions. Case occlusion risk scores are computed by masking out
the regions in the CC and MLO views of the breast where cancer was subsequently de-
tected (case-annotations). Control occlusion risk scores are separately computed by mask-
ing anatomically-matched regions in the CC and MLO views of the contralateral breast
(control-annotations). Occlusion-based risk scores are compared to the original risk scores
to assess the influence of lesions on Mirai’s predictions. Mirai’s 5-year high-risk threshold is

used to evaluate whether occlusions change Mirai’s predictions from high-risk to low-risk.
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Figure 3.5: FOCUS Map to visualize Mirai’s feature importance distribution. Image patches

are iteratively masked to generate a FOCUS Score for each patch in each view. The patches
with the highest FOCUS Score in each view and across the entire mammogram are identified

for further analysis.

3.2.7 Categorization Scheme

Exams remaining high-risk upon case-occlusion were classified into distinct categories based
on the FOCUS scores (Figure 3.6). The first level of categorization pertained to whether
the risk assessment was driven by global or localized features. If the highest FOCUS Score
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for the exam was > 0.01, i.e., occluding a single patch resulted in a 1% decrease in the
5-year predicted risk, the prediction was considered localized. This threshold was selected
based on the approximate difference between the high-risk threshold of 2.6% and the median
predicted risk across the study population of 1.5% (see Results). In other words, if masking
a 256x256-pixel region (~ 0.5% of the mammogram) reduced the risk score by an amount
comparable to the difference between a high-risk and typical mammogram, then localized
features were deemed to meaningfully influence Mirai’s prediction. If none of the patches
in a mammogram had a FOCUS Score that crossed this localization threshold, the risk
assessment was said to be based on global features. Localized predictions were further
subclassified according to whether the patch with the highest FOCUS Score belonged to
the cancer-affected or contralateral breast, with exams labeled as “lesion hit” if the centroid

of the patch fell within the case annotation and a “lesion miss” otherwise.

3.2.8 Qualitative Analysis

Exams that were not classified as “lesion hit” were reviewed by three fellowship-trained
breast radiologists. Using the FOCUS Maps, the radiologists assessed whether there were
common imaging patterns that seemed to be driving Mirai’s predictions. A similar qual-
itative assessment was performed for prior exams in which case-occlusion altered Mirai’s

prediction from high-risk to low-risk.

3.2.9 Statistical Analysis

Occlusion-based changes in risk scores were quantified using the mean and interquartile
range (IQR). The difference in risk reduction between paired case and control occlusions
was tested for statistical significance using the Wilcoxon signed-rank test [83], as it is non-
parametric and does not assume a normal distribution of data. We considered a two-
sided P value < 0.05 to determine statistical significance. Statistical analyses were per-
formed using Python (version 3.7.3, https://www.python.org/) and the SciPy (version 1.7.3,
https://scipy.org/) package. We implemented the FOCUS technique within the ClinValAl
[43] [45] framework to establish an efficient, cloud-based model explainability infrastructure

for Mirai and performed all experiments by customizing its workflows.
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Figure 3.6: Categorizing exams that remain high-risk upon case-occlusion. Exams predicted
as high-risk by Mirai, even after case-occlusion, were characterized. Risk assessments were
classified as local predictions if any patch in a mammogram view had a FOCUS score >
0.01 and as global predictions otherwise. Local predictions were further categorized based
on whether the patch with the highest FOCUS score fell within the case or contralateral

breast, and whether the centroid of the patch fell within the case annotation.



50

3.3 Results

3.3.1 Patient Characteristics

The retrospective consecutive cohort consisted of 72,983 screening mammograms from 33,373
women. Per Mirai’s criteria, excluding exams of women with a personal history of breast
cancer, exams of women of age < 40 or > 80 years, exams of women with breast implants,
and exams with fewer than the four standard screening views resulted in 57,690 exams from
27,911 women . Mirai’s median and average 5-year risk predictions across the
57,690 exams were 1.51% and 1.98%, respectively (IQR : 1.21%,2.07%). Retaining only
mammograms from women with detected breast cancer with both index and prior exams
available resulted in 354 exams from 127 women. Sampling to the target of 200 exams
resulted in 220 exams from 70 women. After excluding exams from women with multiple
lesion sites in the index exam (8 [3.8%] exams), which may confound the localization analy-
sis, the final set included in analysis consisted of 212 exams from 68 women, with the index
exam and all available prior screening exams within five years included for each woman in
the subset . All the women had unilateral breast cancer, even though bilateral
breast cancer was not an exclusion criterion. Across the 212 exams, Mirai’s average 5-year
risk score was 4.83% (IQR : 1.79%, 4.98%), with an average of 8.01% (IQR : 2.36%, 13.47%)
for the index exams and 3.33% (IQR : 1.61%,2.90%) for the prior exams.

3.3.2  Effect of cancer regions on Mirai’s risk predictions

Applying feature occlusion to the 212 exams resulted in a significantly higher score reduction
for case-occlusion compared to control-occlusion (p < 0.001), with an average 5-year risk
score change of —1.22% (IQR : —0.78%,0.03%) for case-occlusion, compared to 0.06%
(IQR: —0.16%, 0.20%) for control-occlusion . This effect was significant for both
index exams (—2.68%; IQR : —3.51%, —0.01%; p < 0.001) and prior exams (—0.53%; IQR :
—0.37%,0.03%;p < 0.001). Within prior exams subgroups, the effect was significant in
both priors with visible lesions (—0.86%; QR : —0.87%, —0.02%;p < 0.001) and priors
without visible lesions (—0.45%; IQR : —0.30%,0.04%;p = 0.013), and in priors within 2
years of the index exam (—0.96%;IQR : —0.51%,0.00%;p = 0.001) and priors before 2
years (—0.26%; IQR : —0.28%, 0.07%; p = 0.026) (Table 3.3). The magnitudes of the effects
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Figure 3.7: Study Cohort Selection. We applied Mirai’s exclusion criteria based on the
personal history of breast cancer, age, presence of breast implants, and the standard views
of a screening mammogram. We included exams from women with a breast cancer diagnosis
within five years with an available index exam and prior screening mammogram(s) within
the preceding five years. After sampling a target of > 200 exams and excluding exams with
multiple lesion sites in the index exam, our analysis cohort comprised 212 exams from 68

women.
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Table 3.1: Patient and lesion characteristics across mammography exams.

Variable All (n=212) Index (n=68) Priors (n=144)
Age
40-49 7 (12.7%) 5 (7.4%) 2 (15.3%)
50-59 5 (35.4%) 21 (30.9%) 4 (37.5%)
60-69 76 (35.8%) 26 (38.2%) 50 (34.7%)
70-79 4 (16.0%) 16 (23.5%) 8 (12.5%)
Race/Ethnicity
White 170 (80.2%) 54 (79.4%) 116 (80.6%)
Black 9 (9.0%) 5 (7.4%) 14 (9.7%)
Asian 2 (5.7%) 5 (7.4%) 7 (4.9%)
Hispanic 1 (5.2%) 4 (5.9%) 7 (4.9%)

Breast Density

Not Dense (a and b) 94 (44.3%) 29 (42.6%) 65 (45.1%)
Dense (c and d) 117 (55.2%) 38 (55.9%) 79 (54.9%)
Unknown 1 (0.5%) 1 (1.5%) 0 (0.0%)

Initial BI-RADS Assessment

0 92 (43.4%) 66 (97.1%) 26 (18.1%)
| 76 (35.8%) 0 (0.0%) 76 (52.8%)
2 43 (20.3%) 1 (1.5%) 42 (29.2%)
Unknown 1 (0.5%) 1 (1.5%) 0 (0.0%)
Lesion Visible
Yes 97 (45.8%) 67 (98.5%) 30 (20.8%)
No 115 (54.2%) 1 (1.5%) 114 (79.2%)
Lesion Type*
Calcification 42 (19.8%) 8 (41.2%) 14 (9.7%)
Asymmetry 34 (16.0%) 4 (35.3%) 10 (6.9%)
Mass 23 (10.8%) 16 (23.5%) 7 (4.9%)
Architectural Distortion 3 (1.4%) 3 (4.4%) 0 (0.0%)
N/A (Not Visible) 115 (54.2%) 1 (1.5%) 114 (79.2%)

*Two lesion types were observed in five exams.
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were larger in index exams, priors with visible lesions, and priors within 2 years of the index
exam. In index and prior exams with visible lesions, case-occlusion resulted in a higher risk
reduction than control-occlusion for each lesion type (?7), suggesting that Mirai does not
simply cue on one type of lesion. Exams with masses showed the highest average original risk
prediction (9.27%) and the largest average reduction with case-occlusion (—4.94%). Based
on Mirai’s high-risk threshold of 2.6%, 93 exams (48 index and 45 priors) were predicted as
high-risk. Case-occlusion resulted in a significantly larger score reduction (—2.63%;IQR :
—3.74%,0.00%) relative to control occlusion (0.10%; IQR : —0.13%,0.66%) in these exams
(p < 0.001), including for both index exams (—3.68%; IQR : —4.78%,0.19%; p < 0.001) and
prior exams (—1.51%; IQR : —2.24%, —0.04%; p = 0.003). For high-risk prior exams, the
effect was significant for those with visible lesions (—2.11%; IQR : —4.16%,—0.36%;p =
0.037) and those without visible lesions (—1.33%; IQR : —1.28%, —0.02%; p = 0.020). Case-
occlusion changed Mirai’s interpretation to low-risk for 29.0%(27/93) of the high-risk exams
(33.3%]16/48] for index exams and 24.4%]11/45] for prior exams), compared to only 3.2%
(0%[0/48] index and 6.7%[3/45] priors) for control-occlusion. For subsets of priors, the
percentage change from high-risk to low-risk was 10.0%][1/10],28.6%[10/35], 19.0%[4/21],
and 29.2%]7/24] for exams with visible lesions, no visible lesions, priors within 2 years, and

priors before 2 years, respectively.

3.83.8 Categorization of exams remaining high-risk after case-occlusion

We applied our proposed categorization scheme to the 66 high-risk exams (32
index, 34 priors) that did not change to low-risk upon case-occlusion. Seven (10.6%) of these
exams (2 index, 5 priors) were classified as “global predictions” as they did not have a single
patch with a FOCUS Score greater than the localization threshold, implying that the high-
risk assessment was not strongly influenced by a single location for these exams .
Further analysis revealed that all seven global predictions occurred in women with dense
breasts, compared to 55.9% (33/59) of exams categorized as “localized predictions”.

Of the 59 localized predictions (30 index, 29 priors), 45 (76.3%) were localized to the
cancer-affected breast compared to 14 (23.7%) in the contralateral breast. This trend was

present in both index and prior exams, with index exams showing a larger effect (86.7%
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Table 3.2: Effect of case and control occlusion on Mirai’s risk predictions.

Mammography Exam Original Risk Risk Reduction p-value Change to Low Risk*
Exam Type Counts (mean, IQR) Case Control Case Control
All 212 4.83% —1.22% 0.06% 4.42¢-09 12.74% 1.42%
Exams [1.79%, 4.98%] [-0.78%, 0.03%] [—0.16%, 0.20%]

All 68 8.01% —2.68% 0.11% 8.17e-06 23.53% 0.00%
Index [2.36%, 13.47%)] [-3.51%, —0.01%)] [—0.27%, 0.37%]

All 144 3.33% —0.53% 0.03% 1.46e-04 7.64% 2.08%
Priors [1.61%, 2.90%] [-0.37%, 0.03%] [—0.15%, 0.16%]

High Risk 93 8.67% —2.63% 0.10% 8.58e-07 29.03% 3.23%
Exams [3.89%, 13.46%] [—3.74%, 0.00%] [—0.13%, 0.66%]

All High-Risk 48 10.57% —3.68% 0.19% 7.86e-05 33.33% 0.00%
Index [4.64%, 15.49%] [—4.78%, 0.19%] [—0.48%, 0.70%]

All High-Risk 45 6.65% -1.51% 0.00% 0.003 24.44% 6.67%
Priors [3.43%, 8.10%] [—2.24%, —0.04%] [—0.06%, 0.66%]

*Low-risk predictions are defined as scores below the high-risk threshold.

[26/30] of localized predictions in cancer-affected breast for index exams, 65.5% [19/29]
for priors). Priors without visible lesions showed a similar localization proportion in the
cancer-affected (55% [11/20]) and contralateral breasts (45% [9/20]). Despite remaining
high-risk upon case-occlusion, 10 of the 45 exams localized to the cancer-affected breast
(22.2%) were considered a “lesion hit” because the centroid of the patch with the highest
FOCUS Score fell within the (future) cancer region, suggesting that there were additional

locations outside of the lesion region that also contribute to Mirai’s high-risk estimate.

3.83.4 Qualitative Assessment

The 49 high-risk exams classified as either “lesion miss” or “contralateral breast localized”
were reviewed to assess whether the patches with the highest FOCUS Score exhibited con-
sistent patterns. Two common patterns emerged . The first pattern consisted
of the presence of overlapping blood vessels. The second pattern reflected a sharp interface

between high- and low-density regions (e.g., areas of fibroglandular-fat interface). Out of the
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of case and control occlusion on Mirai’s risk predictions on prior exam

subsets.

Type of Prior Exam Original Risk Risk Reduction p-valueChange to Low Risk*

Exam Counts (mean, IQR) Case Control Case Control

All Priors 144 3.33% —0.53% 0.03% 1.46e-04 7.64% 2.08%
[1.61%, 2.90%] [—0.37%, 0.03%] [—0.15%, 0.16%]

< 2 years 56 3.60% —0.96% 0.09% 0.001 7.14% 1.79%
[1.69%, 3.97%] [—0.51%, 0.00%] [—0.12%, 0.16%]

>2 years 88 3.16% —0.26% 0.00% 0.026 7.95% 2.27%

Lesion Visible

[1.59%, 2.72%] [-0.28%, 0.07%] [—0.16%, 0.17%]

30 3.60% —0.86% 0.08%  7.71e-04 3.33% 0.00%
[1.83%, 3.95%)] [~0.87%, —0.02%][—0.10%, 0.16%]

Lesion Not Visible 114 3.26% —0.45% 0.02% 0.013 8.77% 2.63%

[1.59%, 2.76%)] [—0.30%, 0.04%)] [—0.16%, 0.16%]

All High-Risk Priors 45 6.65% -1.51% 0.00% 0.003 24.44% 6.67%

[3.43%, 8.10%) [—2.24%, —0.04%][—0.06%, 0.66%]

High-Risk <2 years 21 6.60% —2.36% 0.30% 0.004 19.05% 4.76%

3.95%, 8.29%)] [~3.61%, —0.12%] [0.00%, 1.57%)

High-Risk > 2 years 24 6.69% —0.76% —0.26% 0.121 29.17% 8.33%

High-Risk with

Lesion Visible

High-Risk with

[2.99%, 7.44%)] [—~1.16%, 0.13%)] [—0.13%, 0.60%]

10 6.95% ~-2.11% 0.29% 0.037 10.00% 0.00%
[4.20%, 8.00%] [~4.16%, —0.36%)] [0.02%, 1.02%]

35 6.57% -1.33% —0.08% 0.020 28.57% 8.57%

Lesion Not Visible [2.91%, 7.83%)] [~1.28%, —0.02%][—0.09%, 0.62%)

*Low-risk predictions are defined as scores below the high-risk threshold.

11 priors where case-occlusion shifted Mirai’s prediction from high-risk to low-risk, 10 were

deemed to have no visible lesion during annotation. Upon further visual inspection of the

regions where cancer was subsequently detected, it was determined that subtle sub-clinical

features of eventual cancer were present in 60.0% (6/10) of these exams (Figure 3.9).
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Table 3.4: Categorization of mammography exams remaining high-risk after case-occlusion.

Local Predictions

Case-Breast Localization

Contralateral-Breast

Mammography Exam Type Global Predictions Lesion Hit Lesion Miss Localization
All 7 (10.6%) 10 (15.2%) 35 (53.0%) 14 (21.2%)
(n=66)

Index 2 (6.3%) 6 (18.8%) 20 (62.5%) 4 (12.5%)
(n=32)

Priors 5 (14.7%) 4 (11.8%) 15 (44.1%) 10 (29.4%)
(n=34)

Priors with lesion visible 1 (11.1%) 3 (33.3%) 5 (55.5%) 0 (0.0%)
(n=9)

Priors with lesion not visible 4 (16.0%) 1 (4%) 10 (40.0%) 10 (40.0%)
(n=25)

3.4 Discussion

We developed an analysis framework to quantitatively and qualitatively explain Mirai’s
breast cancer risk assessment. Masking cancer locations from Mirai’s interpretation caused
a significant reduction in its risk scores, even for prior exams without visible lesions, indi-
cating that its assessments are significantly influenced by regions where breast cancers sub-
sequently develop. Lesion-region masking shifted Mirai’s assessment to low-risk for 29.0%
of the exams predicted as high-risk (33.3% for index exams, 24.4% for priors), compared
to 3.2% when masking anatomically matched regions in the contralateral breast. Even in
exams that remained high-risk upon case-occlusion (the other 71.0%), our analysis sug-
gests that Mirai’s predictions tend to be strongly influenced by localized image regions.
Nonetheless, the effects of cancer location masking were generally more pronounced in in-
dex exams, earlier priors, and priors with visible lesions. Thus, Mirai may use a range
of strategies when estimating risk, including detecting existing cancers when present, and
sometimes identifying subtle early signs of developing cancers before they are clinically vis-

ible, as our qualitative assessment suggests. Furthermore, the seven high-risk exams that
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Figure 3.8: Qualitative assessment of Mirai’s predictions localized to regions other than
where cancer developed. (a) An index mammogram with a visible asymmetry. The patch
with the highest FOCUS score highlights a region with overlapping vessels. (b) A five-year
prior mammogram with visible calcifications. The patch with the highest FOCUS score

highlights a sharp interface between high- and low-density regions.

exhibited global predictions were among women with dense breasts, suggesting that general
parenchymal patterns can also drive Mirai’s predictions. When predictions were localized
to non-lesion regions, these areas often included overlapping vessels and sharp interfaces be-
tween high- and low-density tissue. Whether such features influence Mirai’s score because
they mimic lesions or reflect true risk factors remains unclear; we can only conclude that
these regions contribute meaningfully to its risk predictions.

Our findings and FOCUS approach have several implications for clinical practice and
early breast cancer detection. The often-localized nature of Mirai’s predictions indicates
opportunities to identify early signs of developing lesions and implement timely interven-
tions. Our visualization technique, FOCUS Maps, could be used in practice to potentially

help localize these regions of cancer development and explain Mirai’s predictions for each
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Prior Exam Index Exam
(a) Prior exam with no early findings visible.

Prior Exam Index Exam
(b) Prior exam with visible early findings.

Figure 3.9: Qualitative interpretation to assess whether Mirai detects the earliest signs of
developing cancer. Analysis of prior exams where occlusion of the subsequent lesion region
changed Mirai’s interpretation from high-risk to low-risk: (a) Prior and index mammograms
of a woman with no early sub-clinical findings in the prior exam, which subsequently showed
a mass in the index exam. (b) Prior and index mammograms of a woman with early sub-
clinical findings in the prior exam, which subsequently showed a focal asymmetry in the

index exam.
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exam more broadly. Ultimately, while further validation is necessary, these outputs could
guide further clinical workup and inform the trustworthiness of Mirai’s predictions.

By providing detailed localization analysis and categorization of Mirai’s predictions, our
work helps resolve outstanding questions from prior analyses. Omoleye et al. [42] assessed
the influence of the cancer-affected breast on Mirai’s risk estimates by mirroring either the
cancer-affected or normal breast and found that cancer-affected breast mirroring resulted
in similar performance, while mirroring the normal breast reduced performance to chance.
Our results also suggest that the cancer-affected breast often drives Mirai’s decisions, and,
importantly, our approach provides a means to localize the score-driving regions of interest
within the breast. Rather than explaining Mirai directly, Donnelly et al. [78] created
a simplified version of Mirai, AsymMirai, which computes bilateral feature dissimilarity
to generate risk estimates. While asymmetries may contribute to Mirai’s predictions and
breast cancer risk more generally, our results and those of Omoleye et al. [42] suggest that
other features are also involved. In concurrent work, Wang et al. [79] examined individual
features extracted by Mirai in its feature space and found that several correlate with the
presence of calcifications and/or masses, and that the values of these features associate
with Mirai’s predictions. Our analysis also suggests that the presence of visible lesions
influences Mirai’s predictions, but that other, often localized, imaging features influence
Mirai’s predictions when lesions aren’t present. Our work thus offers new insights through
mechanistic interpretability that is faithful to Mirai’s architecture. Additionally, while we
focused on Mirai, our approach can be adapted to other imaging-based deep learning risk
prediction models.

Our study has several limitations. While our visualizations demonstrate the potential to
aid radiologists in interpreting Mirai’s inferences, they require iteratively computing Mirai’s
predictions over different masked regions, which is computationally expensive. We mitigate
this by utilizing the ClinValAl [43] 45] framework to implement an efficient cloud-based
workflow, which can also be leveraged by others. Moreover, the visualizations currently
rely on masking one patch at a time and do not consider potential non-linear effects when
masking multiple patches. Additionally, our technique is based on Mirai’s utilization of

the Global Max Pooling layer. Though many deep learning models use this operation,
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future work will involve extending this approach to other architectures. Our cohort had a
limited sample size, and a single breast radiologist annotated the mammograms. However,
the dataset was acquired from four imaging facilities that were not used during Mirai’s
development, and three breast radiologists independently verified the imaging findings, thus
supporting the robustness of this external validation of Mirai’s predictions.

Overall, our study demonstrates that while a range of features influences Mirai’s predic-
tions, its interpretations are often localized, particularly to the breast and location where
cancer is subsequently detected. We also observed instances where Mirai detected early
signs of developing cancer that were only detected by our radiologists in retrospect, know-
ing that cancer eventually developed in that location. These insights clarify the mechanisms
of Mirai’s risk predictions and highlight the potential utility of the FOCUS technique on
a per-exam basis for targeting areas of high cancer risk with more focused and intensive

imaging evaluation to facilitate earlier cancer detection.
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Chapter 4
CONCLUSION

Artificial Intelligence (AI) algorithms, particularly deep learning models, show strong
potential to assist both in mammography interpretation and future cancer risk prediction
[22] 40, 84]. However, their integration into clinical workflows has been limited thus far,
primarily due to a lack of computational tools to assess their performance and inadequate
methods to explain their underlying decision-making process. In this dissertation, we have
addressed these core challenges with novel techniques that can support health systems
to evaluate the generalizability and interpretability of mammography-based deep learning
algorithms. In this chapter, we summarize the key contributions, discuss the potential
clinical impact, outline the limitations, and propose directions for future research.

Our informatics framework, ClinValAl [43] [45], as described in Chapter 2, addresses a
need for a tool for health institutions to conduct external validation studies of Al algorithms
while safeguarding patient imaging data privacy. By providing a customizable cloud-based
infrastructure, our framework supports large-scale comparative evaluation of Al tools. We
demonstrated ClinValAI’s potential by validating multiple FDA-cleared commercial Al al-
gorithms on a large dataset from various BCSC-affiliated breast cancer registries. This
can help assess the potential benefits, such as assisting breast imaging radiologists in can-
cer detection, and the risks, such as false-positive assessments, of adopting FDA-approved
commercial AI models in clinical settings, as shown in Figures and

By conducting rigorous assessments of deep learning algorithms for mammography us-
ing images from an institution’s patient population, health organizations can gain a holistic
understanding of their strengths (for example, Mirai’s generalizability across subgroups de-
fined by age, race, and breast density, as demonstrated in Figure and weaknesses (for
example, the reduction in Mirai’s calibration metrics when exams with a breast cancer di-

agnosis within six months of screening are excluded, as shown in Table [2.3]) for their specific
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populations. Understanding the factors that influence AT’s ability to guide clinicians in
implementing appropriate interventions may help health systems improve the efficiency of
mammography-based clinical workflows. For instance, external validation of Al algorithms
can aid in determining exam-level thresholds to safely triage negative exams or function as
standalone tools for mammography interpretation in specific subpopulations and scenarios.
The ultimate goal of ClinValAl is to help ensure that only accurate, generalizable Al algo-
rithms are adopted into clinical practice, thereby promoting improved and more equitable
health outcomes.

However, our work has certain limitations. First, customizing ClinValAI's workflows
requires expertise in cloud-based technologies and troubleshooting efforts. Second, large-
scale external validation studies comparing the performance of multiple Al tools can incur
considerable computational overhead. Thus, an important direction for future work would
be to improve the reconfigurability and optimize the computational complexity of our val-
idation pipelines. In addition, ClinValAl has not yet been used to support external vali-
dation of Al algorithms for medical imaging beyond mammography screening. In future,
we may expand its capabilities to include other imaging modalities (such as ultrasound or
MRI). Future work may also involve extending ClinValAl to support additional biomedical
data modalities, including clinical text reports, omics data, and electronic health records
(EHRs), as well as adapting the framework to enable validation of multimodal deep learning
algorithms. Such extensions would require substantial customization of existing ClinValAl
workflows and may require the development of new computational mechanisms to support
validation of AT tools across a broader range of biomedical informatics applications.

Our work on the interpretability of Mirai’s breast cancer risk prediction, as described in
Chapter 3, can help radiologists, patients, primary care providers, and other screening stake-
holders assess the trustworthiness of Al image-based risk estimation. While Mirai and other
algorithms have the potential to streamline personalized screening strategies and risk reduc-
tion by identifying women at highest risk of developing future breast cancer, their black-box
nature hinders widespread acceptance. Our explainability technique, FOCUS (Figure ,
helps analyze the contribution of different mammogram image regions to provide insight

into Mirai’s risk predictions by classifying Mirai’s predictions into clinically meaningful se-
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mantic categories (Figure . Our clinically interpretable visualizations, FOCUS Maps
(Figure , also provide actionable insights by demonstrating Mirai’s feature-importance
distribution and identifing specific imaging regions that most strongly drive risk assessments.

While a range of factors drive Mirai’s risk predictions, we found that they are strongly
influenced by localized imaging features (Table , often corresponding to regions where
cancers eventually develop (Tables . This key finding suggests that the model can
identify subtle, early signs of malignancy (Figure that radiologists may not be able to
detect. Our work also opens avenues for a broader understanding of the imaging features
associated with breast cancer risk and development. Assessing whether or not the lesion
versus non-lesion regions (Figure influence Mirai’s predictions could offer new insights
into breast cancer radiomics and new avenues for directing more intense imaging work-up
for patients at high risk.

Since our analysis is based solely on screening mammography exams from four University
of Washington (UW) Medicine imaging facilities, an essential next step is to further validate
our findings in larger samples across diverse cohorts. Moreover, while our explainability
technique is currently specific to Mirai, it could be extended to evaluate other Al tools that
receive FDA approval for clinical use. Insights into the inference mechanism of multiple
deep learning algorithms may highlight similarities and differences in strategies involved in
Al-based clinical decision support across products.

Overall, we established techniques for validating and explaining deep learning models,
providing important insights prior to their widespread clinical adoption for mammography.
More broadly, our work can advance research on the generalizability and interpretability
of deep learning algorithms for medical imaging applications, supporting improved clinical

workflows and promoting better, more equitable healthcare outcomes.
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