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Abstract

This dissertation presents machine learning methods to support image-based medical diagno-

sis. The work presents research results regarding the limitations of the effectiveness of machine

learning methods in selected applications. The dissertation includes nine publications which re-

view the concepts related to deep learning in radiology, investigate challenges in training robust

machine learning models supporting image-based medical diagnosis, and describe methods to

enhance their effectiveness in the context of real-world utility in important applications.

The first publication discusses general challenges and growing potential of the applications

of deep learning methods and models supporting image-based diagnosis, emphasizing issues

related to data availability, model validation, collaboration with clinicians, and obstacles to ef-

fectively integrate deep learning into radiology practice. The second publication investigates the

class imbalance problem in training convolutional neural networks. The following publications

focus on specific projects and applications that investigate these two challenges and propose

solutions to overcome them.

The next two publications are devoted to applications in brain magnetic resonance imag-

ing (MRI), where the first focuses on the segmentation of brain MRI with a highly imbalanced

distribution of target classes and the second investigates the benefits of transfer learning in ra-

diogenomics.

The following three publications are related to applications of machine learning methods in

supporting thyroid diagnosis using ultrasound, where the first shows how approximate annota-

tions can be used to extend the training data size for ultrasound images, the second describes

the implementation of a system for autonomous diagnosis of thyroid nodules, and the last pub-

lication in this group describes the optimization of a guideline system for the interpretation and

diagnosis of thyroid nodules in ultrasound images.

Finally, there are two publications for applications in digital breast tomosynthesis (DBT),

where the first introduces a publicly released DBT dataset together with a baseline model, and

the second proposes a method based on image-completion using generative adversarial networks

which utilize only examples without lesions for abnormality detection.

Keywords: computer-aided diagnosis, machine learning, radiology, medical imaging, convolu-

tional neural networks, deep learning, transfer learning, class imbalance, generative adversarial

network, brain MRI, thyroid ultrasound, digital breast tomosynthesis, radiogenomics
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Streszczenie

Niniejsza rozprawa przedstawia metody uczenia maszynowego wspomagające obrazową dia-

gnostykę medyczną. W rozprawie przedstawiono wyniki badań dotyczące ograniczeń skutecz-

ności metod uczenia maszynowego w wybranych zastosowaniach, w szczególności problem

ograniczonego zbioru uczącego i nierównowagi klas. Rozprawa obejmuje dziewięć publikacji,

w których dokonano przeglądu koncepcji związanych z głębokim uczeniem w radiologii, zba-

dano wyzwania związane z uczeniem efektywnych modeli wspomagających diagnostykę obra-

zowań medycznych oraz opisano metody pozwalające zwiększyć ich efektywność w kontekście

realnej przydatności w istotnych zastosowaniach.

Pierwsza publikacja omawia ogólne wyzwania i rosnący potencjał zastosowań metod i mo-

deli głębokiego uczenia we wspomaganiu diagnostyki obrazowej, z naciskiem na kwestie zwią-

zane z dostępnością danych, walidacją modeli, współpracą z lekarzami oraz przeszkodami w

efektywnymwdrażaniu uczenia głębokiego. Druga publikacja dotyczy problemu nierównowagi

klas w uczeniu sieci splotowych. Kolejne publikacje koncentrują się na konkretnych projektach

i zastosowaniach, które badają te dwa wyzwania i proponują rozwiązania.

Kolejne dwie publikacje poświęcone są zastosowaniomw rezonansie magnetycznymmózgu

(MRI), gdzie pierwsza koncentruje się na segmentacji MRI mózgu z wysoce niezrównoważo-

nym rozkładem klas, a druga bada korzyści płynące z transferu wiedzy w radiogenomice.

Kolejne trzy publikacje dotyczą zastosowań metod uczenia maszynowego we wspomaganiu

diagnostyki tarczycy wykorzystującej ultrasonografię. Pierwsza pokazuje, w jaki sposób przy-

bliżone anotacje można wykorzystać do rozszerzenia rozmiaru danych treningowych dla obra-

zów ultrasonograficznych, druga opisuje implementację systemu do autonomicznej diagnostyki

guzków tarczycy, a ostatnia publikacja w tej grupie opisuje optymalizację systemu wytycznych

do interpretacji i diagnostyki guzków tarczycy w obrazach ultrasonograficznych.

Dwie ostatnie publikacje dotyczą zastosowań w cyfrowej tomosyntezie piersi, z których

pierwsza przedstawia publicznie udostępniony zbiór danych wraz z modelem bazowym, a druga

proponuje metodę opartą na uzupełnianiu obrazu przy użyciu modelu generatywnego, który

wykorzystuje tylko przykłady bez zmian chorobowych do wykrywania obszarów anormalnych.

Słowa kluczowe: komputerowe wspomaganie diagnozy, uczenie maszynowe, radiologia, obra-

zowanie medyczne, sieci splotowe, głębokie uczenie, transfer uczenia, nierównowaga klas, sieci

generacyjne, rezonans mózgu, ultrasonografia tarczycy, tomosynteza piersi, radiogenomika
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Chapter 1

Introduction

1.1 Machine learning to support diagnostic imaging

In the past decade, we witnessed rapid development of methods in machine learning that en-

abled using large amounts of labeled data. Access to computational resources helped prove the

utility of ideas that appeared a long time ago but emerged as applicable only recently. A notable

breakthrough happened in the image processing domain. A Deep Convolutional Neural Net-

work (CNN), trained on the ImageNet dataset, achieved test classification error notably lower

than established computer vision approaches based on human-engineered features [10]. The

concept of CNN models was already introduced in Cognitron [11] and improved in the decades

that followed [12–14].

In the following years, the progress in machine learning started affecting other domains,

including radiology [1]. First attempts to use CNN models in medical image analysis took

place in the 1990s for lung cancer detection in chest radiographs [15] as well as detection of

microcalcifications [16] and masses [17] in mammography.

Computer-aided diagnosis (CAD) support systems are designed to assist clinicians in the di-

agnostic process. These systems can operate under different paradigms such as detection, diag-

nosis, staging, and treatment assessment. While CAD applications for detection aim to identify

specific anomalies within imaging data, diagnosis-oriented CAD tools provide a probable cause

or category for observed anomalies.

It is crucial for the intended use of a CAD system to align with the clinical environment. We

can distinguish four main intended uses of a CAD system: second read, concurrent read, triage,

and rule-out [18]. The second read CAD aids in decision-making by providing a secondary opin-
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ion after a physician’s initial interpretation. In contrast, concurrent read CAD shows its output

to the physician simultaneously with their initial reading. The triage CAD optimizes workflow

by prioritizing cases, with assessments focusing on process improvements in clinical operations.

Finally, the rule-out CAD implementation approach streamlines workflow by excluding normal

or negative cases without clinician review. The intended use case of a CAD system affects the

focus of performance evaluation, e.g., the relative importance between sensitivity and speci-

ficity.

An important element in the development and evaluation of CAD systems is the reference

standard against which the system’s performance is assessed. While the most direct reference

standards employ collected image data with expert annotations, these are often subjective and

can vary between the experts providing them. Thus, more objective reference standards, like

pathologic assessments of biopsied lesions, even though not perfect, are preferred. However,

when subjective standards are unavoidable, it is best to obtain assessments frommultiple experts

and evaluate the variability in their conclusions.

Machine learning models presented in this thesis are applicable to computer-aided diagnosis

at different stages, from basic research to validated methods, and with different intended use

cases.

1.2 Limitations of machine learning methods supporting di-

agnosis in radiology

Machine learning methods, particularly those based on deep learning, were initially developed

and used for natural images. These images, whether they are everyday photographs or snapshots

of the world around us, exhibit different distributions and characteristics compared to radiolog-

ical images. Radiological diagnostic images, captured using various modalities like Computed

Tomography (CT), Magnetic Resonance Imaging (MRI), or ultrasound (US), are significantly

different in terms of their structure, texture, contrast, and the objects present in the images.

There is a growing interest in applying machine learning techniques to the field of radiol-

ogy. This interest is fueled by an increasing availability of computational resources and public

medical imaging datasets, which provide an opportunity to train and validate advanced machine

learning models. However, without a context and deep understanding of data acquisition pro-

tocol as well as the source of annotations (reference standard), the results may have limited
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applications.

Below we discuss selected limitations which are crucial for the successful application of

machine learning in radiological image diagnosis.

Data scarcity poses a significant challenge in the application of machine learning methods

for supporting diagnosis in radiology. Machine learning models, particularly based on deep

learning, rely heavily on large and diverse datasets for their training. In radiology, obtaining such

datasets is not straightforward. Radiological imaging studies are expensive and time-consuming,

and labelling these images often requires the expertise of trained medical professionals. This

problem becomes more acute when we consider specific, less common pathology where the

availability of examples is naturally scarce. Data scarcity can potentially lead to overfitting,

where the model performs well on the training data but fails to generalize on unseen examples.

The class imbalance problem is a source of another important limitation in the applica-

tion of machine learning in radiology. Certain medical conditions are rare, which leads to a

highly skewed distribution of classes in the training dataset. Machine learning models, when

trained on such data, tend to bias their predictions towards the majority class, thereby decreasing

their sensitivity to the minority class. In the context of computer-aided diagnosis, this is particu-

larly problematic as the minority class often represents critical pathological findings. Moreover,

model performance evaluation metrics need to be selected according to requirements of down-

stream tasks and relevant to the model intended use.

Validation and generalization of machine learning models supporting interpretation of di-

agnostic images in radiology is also challenging. These models are trained on a specific dataset,

which may represent a particular patient population, and use certain imaging devices or acqui-

sition protocols. When applied to different populations or different imaging protocols, these

models may not perform as expected. This issue, known as domain shift, requires careful model

validation, possibly involving multiple datasets from varied sources. In many radiological tasks

and image modalities, availability of good quality and representative benchmark datasets is still

an issue.

Integration into radiology workflow is the key to successful application of machine learn-

ing in interpretation of radiological images. It is crucial to think how computer-aided support

systems can be integrated into the existing clinical workflow. This requires more than just de-

veloping machine learning models with high accuracy. We need to consider how these models

will assist radiologists in their day-to-day tasks, how the model’s outputs will be presented to
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them, and how they will interact with the system. Will the model pre-process images, flag po-

tential anomalies, or provide a provisional diagnosis? How will the outputs be presented to the

radiologists: as a marked image, a highlighted region, or a textual report? Careful attention must

also be given to downstream tasks. For instance, after the model identifies a potential issue, how

will it facilitate further diagnostic procedures or treatment planning? The ultimate goal of these

systems is to aid the radiologists and doctors and improve patient outcomes. Thus, their design

and deployment must be carried out with a clear understanding of the radiological workflow,

the needs of the radiologists, and the overall patient care process.

1.3 Main goals and research theses

The main objective of several years of research, the result of which is presented in this disser-

tation, was to improve machine learning methods to support diagnostic imaging in the context

of selected, particularly relevant, challenges. The work aims to suggest solutions and refine

existing approaches by incorporating specific domain knowledge in the development of a CAD

system to make them work well in the context of the identified problems and considering the

specific requirements of the image-based diagnosis.

The main research theses are twofold. The first one is that it is possible to improve data-

intensive machine learningmethods to more effectively support image-based diagnosis by taking

into account domain-specific considerations and requirements (knowledge models, assessment

procedures, forms of assessment) and effectively addressing the problems of insufficient train-

ing data and class imbalance. The preferred method was to explore the application of machine

learning methods to computer-aided diagnosis, where training data is often limited compared to

the complexity of the problem being solved and the distribution of target classes is imbalanced.

The results suggest that by addressing these challenges, machine learning methods can be effec-

tively applied to specific diagnostic problems, resulting in improved accuracy and efficiency of

the diagnostic process.

The second research thesis is that it is possible to effectively incorporate machine learning

methods into the assessment workflow to facilitate diagnosis. This concept aims to investigate

the feasibility and effectiveness of integrating machine learning methods into the diagnostic pro-

cess, taking into account the specific requirements and constraints of the radiology workflow.

Thus, by developing solutions tailored to the specific domain, they can be integrated into radi-
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ologists’ workflows and the accuracy and efficiency of radiological diagnoses can be improved.

The aim was to develop and validate machine learning methods that can be integrated into the

radiology workflow and can be used by radiologists to support their diagnostic decisions.

A complementary list of more specific research hypotheses is as follows:

• Class imbalance, ubiquitous in medical imaging, negatively affects the performance of

deep convolutional neural networks.

• Oversampling is an effective method to train a brain MRI segmentation U-net model for

estimating tumor shape features.

• Transfer learning from a similar domain improves the results of convolutional neural net-

works.

• Approximate annotations for ultrasound images can help extend the training dataset size

and improve the performance of a deep learning-based segmentation model.

• Auxiliary annotations relevant for diagnosis can be utilized for multi-task learning of a

model for interpretation of thyroid nodule ultrasound images.

• A data-driven approach can help optimize and simplify a guideline system for the man-

agement of thyroid nodules.

• A public benchmark dataset and baseline model are important for validating and compar-

ing the performance of machine learning methods.

• A training dataset containing only negative examples (not containing lesions) can be uti-

lized for the development of a method for abnormality detection based on generative ad-

versarial networks.

1.4 Publications comprising the thesis

The thesis is comprised of the nine scientific articles listed in this section, all published in peer-

reviewed international journals. Full text of each article is available in the Appendix A.

[A.1] Maciej A Mazurowski, Mateusz Buda, Ashirbani Saha, and Mustafa R Bashir. Deep

learning in radiology: an overview of the concepts and a survey of the state of the art with focus

on MRI. Journal of Magnetic Resonance Imaging, 49(4):939–954, 2019
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[A.2]Mateusz Buda, Atsuto Maki, and Maciej A Mazurowski. A systematic study of the class

imbalance problem in convolutional neural networks. Neural Networks, 106:249–259, 2018

[A.3] Mateusz Buda, Ashirbani Saha, and Maciej A Mazurowski. Association of genomic

subtypes of lower-grade gliomas with shape features automatically extracted by a deep learning

algorithm. Computers in Biology & Medicine, 109:218–225, 2019

[A.4] Mateusz Buda, Ehab A AlBadawy, Ashirbani Saha, and Maciej A Mazurowski. Deep

radiogenomics of lower-grade gliomas: convolutional neural networks predict tumor genomic

subtypes using MR images. Radiology: Artificial Intelligence, 2(1), 2020

[A.5]Mateusz Buda, BenjaminWildman-Tobriner, Kerry Castor, JennyKHoang, andMaciej A

Mazurowski. Deep learning-based segmentation of nodules in thyroid ultrasound: improving

performance by utilizing markers present in the images. Ultrasound in Medicine & Biology, 46

(2):415–421, 2020

[A.6]Mateusz Buda, Benjamin Wildman-Tobriner, Jenny K Hoang, David Thayer, Franklin N

Tessler, William D Middleton, and Maciej A Mazurowski. Management of thyroid nodules

seen on US images: deep learning may match performance of radiologists. Radiology, 292(3):

695–701, 2019

[A.7] Benjamin Wildman-Tobriner, Mateusz Buda, Jenny K Hoang, William D Middleton,

David Thayer, Ryan G Short, Franklin N Tessler, and Maciej A Mazurowski. Using artificial

intelligence to revise ACR TI-RADS risk stratification of thyroid nodules: diagnostic accuracy

and utility. Radiology, 292(1):112–119, 2019

[A.8]Mateusz Buda, Ashirbani Saha, Ruth Walsh, Sujata Ghate, Nianyi Li, Albert Święcicki,

JosephYLo, andMaciej AMazurowski. A data set and deep learning algorithm for the detection

of masses and architectural distortions in digital breast tomosynthesis images. JAMA network

open, 4(8), 2021

[A.9] Albert Swiecicki, Nicholas Konz, Mateusz Buda, and Maciej A Mazurowski. A gen-

erative adversarial network-based abnormality detection using only normal images for model

training with application to digital breast tomosynthesis. Scientific reports, 11(1):1–13, 2021
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1.5 Thesis organization

The reminder of the thesis is organized as follows. Chapter 2 examines the challenges related

to the development of machine learning methods for medical imaging in general, and for radi-

ology in particular. It describes the challenges related to the limited and imbalanced data, as

well as the specific requirements and constraints in the context of the radiology domain. The

following three chapters present projects that address the challenges described in Chapter 2 in

selected applications. Chapter 3 is focused on applications in brain magnetic resonance imaging,

while Chapter 4 describes applications in thyroid ultrasound. Chapter 5 examines applications

in digital breast tomosynthesis.

Chapter 6 provides a summary of the thesis followed by a discussion on computer-aided

diagnosis systems whereas Chapter 7 gives an overview of the academic achievements of the

thesis author. Finally, two appendices are included at the end of the thesis. Appendix A con-

tains copies of the full text of publications comprising the thesis, while Appendix B provides

authorship statements from co-authors.
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Chapter 2

Challenges to applied machine learning in

radiology

2.1 Growing impact of artificial intelligence on radiology

The impact of deep learning on radiology is growing, as it demonstrates exceptional performance

in image analysis tasks. This technology offers potential improvements in various aspects of ra-

diology, including disease detection, diagnosis, characterization, and workflow efficiency. De-

spite these promising advancements, several challenges remain, such as data availability, model

overfitting, and proper validation of algorithms for clinical use relevant to the CAD intended

use case [1].

Recent success in deep learning can be attributed to the availability of large datasets, in-

creased processing power, and rapid algorithmic development. These factors have contributed

to the emergence of deep learning applications in radiology, overcoming initial inertia due to the

need formedical imaging expertise and limited availability of largemedical imaging datasets [8].

Several challenges and pitfalls must be addressed to effectively integrate deep learning

into radiology practice. The availability of data is a significant challenge, as medical imag-

ing datasets are often smaller than those used for natural images. This limitation, combined

with the large number of parameters in deep neural networks, increases the risk of overfitting

and potentially reduces model performance on new data. To mitigate this issue, researchers can

pre-train models with other datasets, use smaller models, or augment data with slight alterations

of original images.

Another challenge is the proper validation of developed deep learning models in the context
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of the CAD intended clinical use case. This requires posing clinically significant questions,

careful curation of datasets, and precise definitions of non-imaging variables such as pathology,

genomic markers, and patient outcomes. Close collaboration with clinicians and other experts

is crucial at various stages of development.

The future of deep learning in radiology presents multiple challenges. Technological hurdles

need to be overcome to demonstrate that deep learning algorithms can replace or augment radi-

ologists’ work. Legal and ethical challenges, such as determining responsibility for algorithmic

errors, need to be addressed. Patient acceptance of human-free image interpretation and regu-

latory issues will also play crucial roles. Finally, practical concerns about incorporating deep

learning algorithms into radiology workflow without disrupting the practice must be resolved.

In the paper [A.1] Deep learning in radiology: an overview of the concepts and a survey

of the state of the art with focus on MRI, the author made notable contributions by drafting and

reviewing the manuscript, providing a comprehensive introduction to deep learning methods,

and conducting a thorough review of the state of the art in classification and segmentation in

radiology. Additionally, the author prepared visual materials to enhance the clarity and impact

of the publication, making it more accessible and engaging for readers.

2.2 Class imbalance

Class imbalance is a problem connected to insufficient training data and refers to a skewed

distribution of classes in a dataset [2]. It is especially pronounced in medical datasets, since class

distribution reflects the natural prevalence of diseases in screening populations [1]. Working

with imbalanced datasets requires carrying out a model evaluation with performance metrics

robust to uneven class distribution.

In a comprehensive experimental study of the class imbalance problem in training CNN

models, we used benchmark datasets and established network architectures to compare some

commonly used methods, i.e., oversampling, undersampling, two-phase training, and threshold-

ing that compensates for prior class probabilities. Based on our experiments, we concluded that

(i) class imbalance has a detrimental effect; (ii) oversampling emerged as the dominant method;

(iii) oversampling should be applied to the extent that eliminates the imbalance, whereas the

optimal undersampling ratio depends on the extent of imbalance; (iv) oversampling does not

lead to overfitting of CNNs; (v) thresholding should be applied when accuracy is of interest.
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Other studies explored adaptive weighting of examples by design of a loss function. Focal

loss is a variant of cross-entropy that diminishes the contribution of almost correctly classified

cases [19]. This way, easy to classify inputs from majority classes do not overwhelm model

weights’ updates and give a chance for improvement to examples from minority classes that

produce highly incorrect predictions.

For the publication [A.2] A systematic study of the class imbalance problem in convolutional

neural networks, the author played a significant role in all stages of this project, including for-

mulating research goals, conducting a literature review, and developing the methodology and

experimental design. Additionally, he developed the software to run experiments, collected ev-

idence, and analyzed the results. The source code for All-CNN architecture, developed by the

author, used in the experiments is shared in a public repository 1. The author of this thesis wrote

the manuscript, formulated conclusions, and prepared visualizations and plots to support the

findings.

1https://github.com/mateuszbuda/ALL-CNN
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Chapter 3

Applications in brain magnetic resonance

imaging

3.1 Brain tumor genomic subtype prediction via automated

shape analysis

Machine learning can assist radiologists in labour-intensive tasks. In many cases, promising

results for the prognostic value of various quantitative imaging features are challenging to apply

in practice, since radiologists would be required to segment abnormal areas on multiple images

manually [20]. Moreover, this method suffers from both inter-reader and intra-reader variability

that may significantly affect predicted outcome [21]. Outsourcing delineation of lesions to an

automated system offers consistency and saves time. However, an algorithm performing this

task is expected to deliver human-level quality of predicted segmentations.

Using a public dataset of magnetic resonance images (MRI) for 110 patients from 5 institu-

tions, we trained a CNN with U-Net architecture to perform segmentation of brain tumors [3].

The tumors in brain MRI are considerably smaller compared to the background (air) and normal

brain tissue. Based on insights from a study on the class imbalance in training CNNs, we per-

formed undersampling by discarding images that did not contain any brain tissue, oversampled

images of tumors, and applied data augmentation.

The model achieved 82% mean Dice coefficient, which is comparable to human perfor-

mance. Next, predicted segmentation volumes were validated in genomic analysis of tumor

shape features previously discovered to be prognostic of patient outcomes. Strong associations
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were found between clinically relevant genomic subtypes and tumor shape features that were

extracted in a fully automatic way.

This method allows for obtaining estimated characteristics of tumor genomics in a non-

invasive way that does not require extra effort from radiologists to annotate MRI sequences

manually. Even imprecise information of tumor genomics from MRI, accessible in the early

stages of treatment, could be used to guide therapy until more accurate genomic test results are

available.

In the paper [A.3] Association of genomic subtypes of lower-grade gliomas with shape fea-

tures automatically extracted by a deep learning algorithm, the author made significant con-

tributions to various aspects of the research. He was involved in conceptualizing the research

goals and designing the methodology. He developed the software and implemented the U-Net

architecture for the segmentation of brain tumors in MRIs which was shared in a public reposi-

tory 1 together with the pre-processed dataset used in the project to ensure reproducibility 2. The

author also played a crucial role in performing formal analysis and investigation of the results.

His contributions also included data curation. The author of this thesis participated in writing

the original draft, reviewing, and editing the manuscript.

3.2 Unbiased radiogenomic analysis with transfer learning

Radiogenomics is an area of cancer research that explores the relationship between imaging

characteristics of a lesion and its gene expression patterns or mutations [22]. CNNmodels excel

in learning hierarchical feature extractors that reflect statistics of patterns present in the training

data. This property can be utilized in radiogenomic analysis to reduce human bias related to

identifying imaging-based features predictive of tumor genomics.

In a recent study [4], we investigated the impact of a domain gap between datasets used for

pre-training and fine-tuning of a CNN. The target task used for evaluation was classifying MR

images of gliomas (brain tumors) to genomic subtypes. The study involved open access imaging

and genomic data. We tested the effect of pre-training a CNN on natural images (ImageNet

dataset [23]) and brain MRI containing a similar type of tumor. As a baseline, we trained a

CNN from random initialization of weights (without pre-training on external data). Following

the findings from previous studies [20], input images contained extracted tumors, as shown in

1https://github.com/mateuszbuda/brain-segmentation-pytorch
2https://www.kaggle.com/datasets/mateuszbuda/lgg-mri-segmentation
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Figure 3.1, to provide shape information predictive of genomic subtypes to the models.

The best performing method for the task of discriminating between tumor genomic subtypes

that show significantly different survival times was transfer learning utilizing anMRI dataset for

pre-training, with the area under the receiver operating characteristic curve (AUC) of 0.73. In

comparison, for the networks trained from scratch and pre-trained on natural images, the AUC

was at 0.68 and 0.64, respectively.

Figure 3.1: CNN attention heatmaps indicate areas contributing to prediction [4].

Although the imaging-based methods are not yet ready to replace genomic testing, they

provide valuable information that can facilitate patient treatment in various ways. Furthermore,

results from genomic tests are, to some extent, sensitive to tissue sampling. Areas of the tumor

that were identified to contribute to the model prediction could be used to guide biopsies for

more accurate and reliable outcomes (Figure 3.1).

In the publication [A.4] Deep radiogenomics of lower-grade gliomas: convolutional neural

networks predict tumor genomic subtypes using MR images, the author made substantial contri-

butions to various aspects of the research. He conceptualized the research goals and developed

the methodology for exploring transfer learning in radiogenomics. The author was responsible

for developing the software and implementing the CNN models for classifying gliomas based

on genomic subtypes. He also performed validation, formal analysis, and investigation of the

results, ensuring the accuracy and reliability of the findings. Python code used for statistical
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comparison of tested methods using bootstrapping was shared in a public repository 3. The

author actively managed data curation and took part in writing the original draft, as well as

reviewing and editing the manuscript.

3https://github.com/mateuszbuda/ml-stat-util
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Chapter 4

Applications in thyroid ultrasound

4.1 Approximate annotations for ultrasound images

Deep neural networks are robust to noise in training data. In the context of medical imaging, it

is often the case that approximate or imprecise labels are easily available. These approximate

labels can be obtained by automatic inference of labels from available radiological reports using

natural language processing tools or retrieved with image processing algorithms from burned-

in data present in the images [5]. Incorporating approximate annotations can notably expand

training data size for supervised learning methods.

Ultrasound (US) images contain measurement markers enclosing regions of interest placed

on images by technicians (Figure 4.1). The markers can be detected and used to automatically

generate approximate segmentation masks for a training set with many examples without addi-

tional input from human annotators. In our research, we applied this approach to the segmen-

tation of thyroid nodules in ultrasound images and compared it to training with precise outlines

provided by an expert radiologist [5].

The segmentation model trained on 2156 US images with automatically generated anno-

tations achieved 85% test Dice similarity coefficient (DSC) as compared to 90% DSC for the

model trained on the same cases but based on outlines provided by experts. However, when 20%

of images with precise segmentation masks were used for training, simulating limited resources

for data collection, the performance degraded to 85%, matching that of the model trained on

automatically generated annotations.

Object semantic segmentation in US images has many potential applications for downstream

tasks discussed in the following sections. It can be used, for example, in object shape analysis.
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However, the primary application is identification of the region of interest for further processing

like diagnostic evaluation or extraction of other information relevant to diagnosis or treatment.

Figure 4.1: Example ultrasound images of a thyroid nodule with caliper marks. [5]

In the publication [A.5]Deep learning-based segmentation of nodules in thyroid ultrasound:

improving performance by utilizing markers present in the images, the thesis author was in-

volved in the idea development and the design of the research methodology for utilizing ap-

proximate annotations in the segmentation of thyroid nodules in ultrasound images. He was

also the main contributor to the creation and implementation of the software used to produce

and analyse the results. The code for the detection model was shared in public repository 1. The

author ensured the validity of the results by conducting thorough validation and formal analysis,

while also taking part in the investigation process. Furthermore, he was responsible for manag-

ing data curation and actively participated in the writing of the original draft and contributing to

its review and editing.

4.2 Incorporating auxiliary imaging feature prediction tasks

for diagnosis of thyroid nodules

This section presents a computer-aided diagnosis system developed for a rule-out use case We

developed and evaluated a computer-aided diagnosis system for managing thyroid nodules that

matches the performance of expert radiologists [6]. We trained a CNN model to distinguish
1https://github.com/mateuszbuda/deep-thyroid-nodules
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between benign and malignant lesions detected in ultrasound images. We based our system

development and evaluation on a dataset of 1230 patients. The final diagnosis was obtained

from biopsy results and could not be obtained merely from radiological images. Given the fact

that we worked on a small dataset with a high class imbalance, we applied data augmentation

with oversampling to obtain a uniform target class distribution and optimized the model using

the focal loss function.

Figure 4.2: Architecture of a multi-task deep convolutional neural network trained for classifi-

cation of thyroid nodules based on ultrasound images [6].

When interpreting thyroid nodules on ultrasound images, radiologists report visual features

across five categories that are predictive of malignancy. They include nodule composition,

echogenicity, shape, margin, and calcifications. We utilized them as additional labels for auxil-

iary tasks in a multi-task learning setting (Figure 4.2). By sharing network weights responsible

for feature extraction, we encouraged the model to produce a shared representation of the input

image relevant to all tasks, preventing overfitting and improving generalization. On the test set

of 99 cases, we achieved an AUC of 0.87 compared with 0.91 obtained by consensus of three

expert radiologists (p=0.41) and 0.82 mean AUC of nine radiologists (p=0.38).

The model’s performance was subsequently validated on a novel dataset comprised of 378

thyroid nodules from 320 patients. This data was collected from an institution different from the

one that provided the original training and test images, and it also included ultrasound (US) im-

ages acquired from new device types [24]. A reader study involving four radiologists confirmed

that the model’s performance with AUC of 0.69 was again comparable to that of the radiologists,

who had AUC values of 0.63, 0.66, 0.65, and 0.63, respectively.
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The thesis author actively contributed to the research presented in publication [A.6] Man-

agement of thyroid nodules seen on US images: deep learning may match performance of ra-

diologists. He played a key role in conceptualizing the idea of an automated diagnosis system

for thyroid nodules and designing the methodology to address the inherent challenges. The au-

thor also developed the necessary software, ensuring its functionality and effectiveness. The

code for the developed multi-task neural network classification model was shared on a public

repository 2. In addition, the author carried out the essential validation and formal analysis of

the results, while participating in the research investigation and handling data curation. He was

involved in the writing process of the original draft and participating in its review and editing.

4.3 Optimized guidelines for thyroid nodule ultrasound in-

terpretation

Computer-aided diagnosis systems introduce a significant change to the clinical workflow. They

are often evaluated and compared to human readers in their performance of a specific task, e.g.

cancer detection based on one image modality. In their daily routine, clinicians take much more

complex decisions after reviewing a patient’s history. For example, clinicians may recommend

a follow-up after some time, order additional imaging, or perform a biopsy. Incorporating a

(possibly) very accurate system that provides extra input in one step on the patient’s journey is

not a trivial task.

By using genetic algorithms, we helped radiologists optimize guidelines for interpretation

of thyroid nodules in ultrasound images [7]. Most importantly, this did not require any change

in their workflow as they were already using a similar interpretation guideline system.

In ACR TI-RADS, radiologists assign points to a nodule based on the presence of imaging

features and then use a rule-based system to infer a recommended decision. The purpose is

to reduce variability among various readers as evaluation of visual features on images is less

subjective than biopsy recommendation.

Using a dataset of 1425 nodules with biopsy-proven diagnoses, we optimized the assignment

of points for different imaging feature categories to create the AI TI-RADS system that improved

specificity in recommending biopsy. In addition, the assignment of points was simplified, which

might contribute to broader adoption and, as a result, help address the problem of over-diagnosis

2https://github.com/MaciejMazurowski/thyroid-us
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of thyroid nodules. Our findings were validated and confirmed by independent studies that

applied AI TI-RADS to cases collected from various institutions and countries [25–27].

The author was actively involved in the research for the publication [A.7]Using artificial in-

telligence to revise ACR TI-RADS risk stratification of thyroid nodules: diagnostic accuracy and

utility. His contributions spanned multiple aspects of the project, including the conceptualiza-

tion and methodology development for optimizing guidelines for thyroid nodule interpretation

using genetic algorithms. He was responsible for software development, validation, and for-

mal analysis of the results, in addition to investigation and data curation. The author played an

important role in drafting and revising the manuscript and creating visualizations to effectively

convey the research findings. Showcasing a commitment to open research, the author shared the

code for the developed model on a public repository 3 and provided access to a web application

for the optimized AI-TRIADS system 4.

3https://github.com/mateuszbuda/AI-TI-RADS
4https://deckard.duhs.duke.edu/ ai-ti-rads
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Chapter 5

Applications in digital breast

tomosynthesis

5.1 Digital breast tomosynthesis screening data set for lesion

detection

The scarcity of publicly available data for training and evaluating machine learning models in

radiology, and digital breast tomosynthesis (DBT) in particular, presents significant challenges.

Access to well-curated and annotated medical data is limited due to the lower availability of

medical images compared to natural images, strict policies governing data sharing, and the time-

consuming process of deidentification and compliance. Furthermore, the annotation of medical

imaging data typically requires the expertise of radiologists who are already in high demand.

To address these challenges, we curated and annotated a data set consisting of over 22,000

three-dimensional (3D) DBT volumes from 5,060 patients [8]. DBT is a relatively newmodality

for breast cancer screening that uses multiple cross-sectional slices for each breast, providing

better performance than traditional projection images. We have made the data set publicly avail-

able at the Cancer Imaging Archive, allowing researchers to improve their algorithms and test

them on the same data set, leading to higher-quality models and better comparisons between

algorithms.

In addition to sharing the data set, we developed a single-phase deep learning model for

detecting abnormalities in DBT and made it publicly available. This baseline model can be

used for fine-tuning or solving other medical imaging tasks. The limited number of positive
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locations presented a significant challenge in developing the model, but various loss functions

were evaluated and compared to address this issue.

The curated DBT data set and baseline model will enable researchers to develop and validate

artificial intelligence (AI) tools more effectively, potentially leading to significant advances in

the field of radiology. By making this data set publicly available, the study promotes trans-

parency, reproducibility, and collaboration in the development of AI algorithms for radiology

applications.

An important factor contributing to the usefulness and clinical applicability of this curated

data set is its representative prevalence of different study groups comprising (i) cancerous and

(ii) benign lesions, (iii) actionable studies which were suspicious enough that resulted in addi-

tional imaging, and (iv) the largest group of normal cases. In contracts to other breast cancer

dataset which focus only on examples with lesions, in our case, the prevalence of different

groups of patients is similar to real world screening population. This allows for more realistic

evaluation of machine learning models which is meant to assess the ability of finding a relatively

small number of cancerous lesions among much larger group of normal cases.

In the publication [A.8] A data set and deep learning algorithm for the detection of masses

and architectural distortions in digital breast tomosynthesis images, the author played a vital

role in numerous aspects of the research. Hemade significant contributions to the conceptualiza-

tion andmethodology. One of his key contributions was curating and annotating the shared DBT

dataset consisting of over 22,000 3D volumes from 5,060 patients, making it publicly available

and easy to utilize for fellow researchers. The author also took part in software development,

validation, and formal analysis, as well as the investigation process. He was responsible for

writing the original draft, participating in the review and editing process. The author devel-

oped the software for working with the data, shared in a public code repository 1, together with

the baseline detection model 2. His efforts in data curation and sharing have paved the way

for advancements in the field of radiology, enabling researchers to build upon this work more

effectively [28].

1https://github.com/mazurowski-lab/duke-dbt-data
2https://github.com/mateuszbuda/duke-dbt-detection
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5.2 Abnormality detection by image completion

For some diseases, e.g. breast cancer, the prevalence of positive cases in a screening population

is lower than 1%. Therefore, training a supervised lesion detection model for tasks like these

may be challenging. Despite higher availability of images without abnormalities, current state-

of-the-art methods rely mainly on examples containing lesions. An additional shortcoming of

such a supervised approach is that it onlyworks on types of abnormalities available in the training

data and might be unreliable when tested on new rare cases.

We explored a fundamentally different method for abnormality detection in radiology that

utilized only normal images for training [9]. Radiologists learn to recognize the visual structure

of normal tissue and can identify abnormalities in places where the tissue is different from the

expected norm. We developed an algorithm that mimics this approach and tested it on a publicly

available dataset of digital breast tomosynthesis images [8].

The main component of our algorithm was a generative adversarial network (GAN) trained

to perform image completion. We repeatedly removed parts of the image by applying a sliding

window and inpainted them using GAN trained on normal tissues (Figure 5.1). Then, we com-

puted reconstruction errors for all patches and combined them into image abnormality heatmap

as shown in Figure 5.2. Our hypothesis was that for parts of the image presenting abnormalities,

the completion network will inpaint a normal-looking tissue structure that is very different from

the abnormality and, therefore, yield a high error value on the abnormality heatmap.

Figure 5.1: Image completion results for patches containing cancerous masses from three rep-

resentative subjects. [9]
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The algorithm was tested on 70 images containing bounding boxes for cancerous lesions

placed by radiologists. The ability to detect abnormal tissue was validated by comparing re-

construction errors inside and outside of the bounding boxes. The mean ratio between heatmap

values inside and outside of the ground truth bounding boxes was 2.77, with standard devia-

tion of 1.79 across the test cases. This clearly indicates that the generated heatmaps indicated

abnormal tissue in the images.

Figure 5.2: Heatmaps for a patient with cancerous masses. [9]

Our method achieved promising results, however, it was tested on a limited number of cases.

Also, it has a significant computational footprint due to thousands of GAN model inferences

required per image. Moreover, reconstruction error heatmaps require additional post-processing

and false positive reduction for comparison with detection systems using evaluation metrics like

sensitivity or free-response receiver operating characteristic curve.

In the publication [A.9] A generative adversarial network-based abnormality detection us-

ing only normal images for model training with application to digital breast tomosynthesis, the

author made substantial contributions to various aspects of the research. He was involved in

conceptualizing the idea of using a fundamentally different method for abnormality detection

in DBT which utilizes only normal images for training. He also contributed to the design of

the methodology and development of the algorithm. The author participated in the software de-

velopment, validation, formal analysis, and investigation of the generative adversarial network

(GAN) used in the study and curated the dataset of digital breast tomosynthesis images used for

training and testing. The author also contributed to writing the original draft and participated in

the review and editing process of the published manuscript.
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Chapter 6

Summary

In summary, this thesis presents significant contributions to the research in machine learning

applied to radiology, with a focus on the refinement and evaluation of CAD algorithms and

deep learning models, as well as the creation and sharing of publicly available datasets and code

to promote collaboration and advancement in the field.

The first publication, ”Deep learning in radiology: an overview of the concepts and a survey

of the state of the art with focus on MRI”, discusses the growing impact of artificial intelligence

on radiology. Deep learning demonstrates exceptional performance in image analysis tasks,

offering potential improvements in disease detection, diagnosis, characterization, and workflow

efficiency. However, the author highlights several challenges, such as data availability, model

overtraining, and proper validation of algorithms for clinical use. The publication also addresses

the future of deep learning in radiology, emphasizing the need to overcome technological, legal,

ethical, and practical challenges in order to effectively integrate deep learning into radiology

practice.

The second publication, ”A systematic study of the class imbalance problem in convolutional

neural networks”, addresses the issue of class imbalance, which is particularly pronounced in

medical datasets. This problem arises from the skewed distribution of classes in a dataset, re-

flecting the natural prevalence of diseases in screening populations. The author conducted a

comprehensive experimental study to compare commonly used methods for dealing with class

imbalance, such as oversampling, undersampling, two-phase training, and thresholding. The

study’s conclusions offer valuable insights into the effects of class imbalance on CNN models

and suggest that oversampling is the dominant method, among tested approaches, for mitigating

these effects.
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The third publication, ”Association of genomic subtypes of lower-grade gliomas with shape

features automatically extracted by a deep learning algorithm”, investigates the potential of ma-

chine learning to assist radiologists with labor-intensive task of manual segmentation of abnor-

mal areas. The author utilized a public dataset of magnetic resonance images (MRI) to train a

U-Net model to perform segmentation of brain tumors. By addressing the class imbalance issue,

the model achieved a Dice coefficient comparable to human performance. The authors then val-

idated the predicted segmentation volumes in genomic analysis, discovering strong associations

between clinically relevant genomic subtypes and tumor shape features extracted automatically.

This non-invasive method offers valuable insights into tumor genomics in the early stages of

treatment, potentially guiding therapy until more accurate genomic test results become avail-

able, without requiring extra manual effort from radiologists.

The fourth publication, ”Deep radiogenomics of lower-grade gliomas: convolutional neural

networks predict tumor genomic subtypes using MR images”, delves more into the field of

radiogenomics, which examines the relationship between imaging characteristics of a lesion and

its gene expression patterns or mutations. The authors demonstrated the effectiveness of CNN

models in learning hierarchical feature extractors that reflect patterns present in training data,

thus reducing human bias in identifying imaging-based features predictive of tumor genomics.

In the study, the authors investigated the impact of a domain gap between datasets used for pre-

training and fine-tuning a CNN, focusing on classifying MR images of gliomas (brain tumors)

to genomic subtypes.

The publication ”Management of thyroid nodules seen on US images: deep learning may

match performance of radiologists” presents the development and evaluation of a computer-

aided diagnosis system for managing thyroid nodules. The authors addressed challenges asso-

ciated with small and imbalanced datasets by applying data augmentation with oversampling

and optimizing the model with focal loss. Additionally, lesions’ visual features predictive of

malignancy were incorporated as additional labels in a multi-task learning setting, which im-

proved generalization and prevented overfitting. The developed system closely matched the

performance of expert radiologists, demonstrating the potential of deep learning in aiding the

management of thyroid nodules based on ultrasound images.

The publication ”Using artificial intelligence to revise ACR TI-RADS risk stratification of

thyroid nodules: diagnostic accuracy and utility” demonstrates how genetic algorithms can op-

timize guidelines for interpreting thyroid nodules in ultrasound images without altering radiolo-
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gists’ workflow. The researchers improved the ACR TI-RADS system by using AI methods to

optimize the assignment of points for different imaging feature categories, leading to the creation

of the AI TI-RADS system. This improved specificity in recommending biopsies and simpli-

fied the point assignment process, potentially contributing to broader adoption and addressing

the issue of thyroid nodule over-diagnosis. The findings were validated by independent studies

across various institutions and countries, showcasing the potential of AI in enhancing radiolo-

gists’ decision-making processes.

The publication ”A data set and deep learning algorithm for the detection of masses and ar-

chitectural distortions in digital breast tomosynthesis images” deals with challenges in detection

of lesions in digital breast tomosynthesis (DBT). The authors curated and annotated a dataset of

over 22,000 3D DBT volumes from 5,060 patients, made it publicly available, and developed a

baseline single-phase deep learning model for detecting abnormalities. This dataset and model

will help researchers in radiology and medical imaging to develop and validate AI tools more

effectively.

Finally, the last publication ”A generative adversarial network-based abnormality detection

using only normal images for model training with application to digital breast tomosynthesis”

proposes a fundamentally different method for abnormality detection in DBT using only nor-

mal images for training. The authors developed an algorithm based on generative adversarial

network trained to perform image completion, which generated abnormality heatmaps. Despite

promising results, the method was tested on a limited number of cases and had a significant

computational footprint. The reconstruction error heatmaps also require further post-processing

and false positive reduction for comparison with other detection systems.

6.1 Discussion on computer-aided diagnosis systems

Developing a computer-aided diagnosis (CAD) support system involves several key steps to

ensure its effectiveness in real-world clinical settings. First, it is crucial to decide what the CAD

system will be used for by understanding the specific clinical needs. Next, the necessary data

is gathered together with the reference standard relevant to the intended use case. After that,

the actual algorithm or machine learning model is developed and tested. The final and most

important step is actual assessment of the effects of the CAD system on patients.

The intended use of a CAD system refers to the specific clinical need it aims to address. The
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systemmust fit into the clinical environment, characterized by factors like the patient population,

the type of imaging devices used, the specific diagnostic task, and the stage in the patient care

journey, e.g., screening, detection, staging, treatment assessment, or follow-up.

Additionally, there are distinct paradigms for CAD system use cases, such as second read,

concurrent read, triage, and rule-out [18]. The second read CAD gives a secondary review

after the initial interpretation by a physician, who does not directly interact with the CAD and

this paradigm least affects the clinical workflow. On the other hand, the concurrent read offers

real-time assistance, presenting the CAD output to the physician at the same time as the initial

interpretation. This poses a risk of physician either over-relying or ignoring the CAD output.

The triage CAD focuses on workflow efficiency, where all cases are interpreted, but the order

in which they are assessed can be prioritized by the CAD system. This paradigm can also be

combined with concurrent read to provide explanation on case priority. Finally, CAD systems

with performance close to human experts may independently handle certain tasks or cases and

be used in rule-out paradigm to identify cases with no issues, without the need for human review.

The data used for training, validation, and testing of a CAD system should mirror the de-

sired use case and population demographics, ensuring results are replicable in genuine clinical

scenarios. Flawed data collection can introduce biases and potentially lead to misinterpreta-

tion of model performance. Therefore, detailed documentation of the data collection, including

selection criteria and patient demographics, is essential.

Best practices suggest consecutively sampled cases acrossmultiple sites within defined time-

frame [29]. Stratified sampling can be preferred when dealing with extremely low prevalence of

a disease to ensure decent representation needed for model training. Since convenience samples

are prevalent in initial studies, any conclusions drawn from them require cautious interpretation

due to potential limited generalizability. A significant challenge is that many machine learning

models, when trained on data from a single site, fail to generalize when applied elsewhere.

Many research groups independently gather data, leading to datasets that might lack com-

prehensive diversity. Public image datasets address this by offering universally accessible data

repositories. However, creating such datasets involves rigorous quality checks and data de-

identification. These public resources are invaluable for the progress of machine learning in

medical imaging, though users must recognize and work within their inherent limitations.

The reference standard, annotations in medical images or assigned labels, is fundamentally

different compared to natural images or other machine learning application domains and need
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to be taken into account in the development of a CAD system.

First key consideration is related to subjective and objective annotations. Subjective anno-

tations are primarily based on expert opinions. They are susceptible to variability, especially

when based on individual interpretations. Although they gain in reliability when consensus

among multiple experts is used, inherent variability remains a challenge. Subjective reference

standards, especially those from multiple domain experts, are undoubtedly valuable but can be

costly to obtain for large datasets.

On the other hand, objective annotations encompass more definitive diagnostic tests and

pathologic assessments of lesions. However, despite their name, they are not free from limi-

tations. For instance, while pathology is the basis of diagnosis, it does not always provide an

absolute answer. A pathology result might indicate a very high probability of malignancy and

involves a subjective decision on how it is translated into binary malignancy label. This might

mean that either the ”ground truth” labels are less accurate or a portion of samples is rejected

due to low confidence, which, in turn, can introduce a bias relevant for CAD intended use.

Another significant source of annotations is the Electronic Health Records (EHR). These

digital records can offer measurements, annotations, or even bounding boxes that are invaluable

for certain tasks. However, mining these records, whether done manually or through advanced

natural language processing algorithms, is not without challenges. EHR-derived annotations

can be noisy and prone to errors, particularly for intricate cases.

Lastly, the interpretation of what constitutes a ”true positive” in the context of CAD systems

is not obvious. Various methods can yield different results for the same model. For instance,

in the domain of lesion detection, the criterion for a true positive could range from measuring

distances between centroids of detected objects and the reference, assessing overlap percent-

ages, to determining if a detected object’s centroid falls within a reference lesion region. Each

methodology can significantly influence system’s performance metrics.

The machine learning model development step is undoubtedly required for computer-aided

diagnosis system. Given its importance, this stage has gained the most attention within the re-

search community. The increasing number of open-source datasets has provided researchers

with easy access to train, test, and fine-tune their models. In addition, the ability to utilize

powerful computational resources is no longer restricted to few well-funded labs, institutions

or companies. Affordable computing power is accessible to a broader audience, allowing more

researchers to experiment, iterate, and innovate. Furthermore, the release of user-friendly ma-

36



chine learning frameworks has streamlined the process of model development and reduced the

learning curve for those new to the field.

Due to the factors above, machine learningmodels for CAD systems havemade great progress,

but we need to be careful. It is important to improve models as this helps them be more useful

in supporting diagnosis. But we must not forget that this is just one part of the whole process.

Sometimes, in the pursuit of making better models, we might forget about how these models

will be used or if the source of the data and reference standard are appropriate.

Machine learning model performance evaluation is different from assessing how much a

CAD system actually affects doctors in their diagnoses and work. In a CAD system, we are

looking at how it assists doctors compared to when they work without it. This assistance might

mean, e.g., increasing the sensitivity of detecting lesions or making their work more efficient to

allow reading more cases. The way we evaluate CAD systems also depends on how they are

intended to be used.

The next level of CAD assessment is the impact on patients. For patients, the main goal is

to have a successful treatment. While the earlier evaluations focus on helping doctors diagnose

conditions, for a patient, a correct diagnosis is just the first step. Many factors related to the

entire healthcare system might affect patient outcomes and it is unclear to what extent a CAD

system can help.

Evaluating a CAD system, even in a controlled setting with experts, can be a significant ef-

fort. In this context, it is not surprising that most researchers stop at the machine learning model

performance alone. To truly understand the CAD system’s impact in real-world clinics on both

doctors and patients is a large scale project involving many people from different organizations.

After all, all necessary precautions must be taken when experimenting with people.

In conclusion, we must remember that CAD systems operate within a much larger healthcare

system. There is a long way from a machine learning model that works well on specific data set

to a CAD system eventually beneficial to patients.
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Chapter 7

Overview of academic achievements

The research work presented in this thesis was carried out mainly during the author’s appoint-

ment at Duke University. He worked for over 2.5 years as an Associate in Research at Carl E.

Ravin Advanced Imaging Laboratories, affiliated with the Department of Radiology. He was

involved in a number of research projects in the domain of medical imaging and radiology, su-

pervised by Maciej Mazurowski, Ph.D., Associate Professor of Radiology, Computer Science,

Electrical and Computer Engineering, and Biostatistics and Bioinformatics at Duke University.

As of November, 2023, Mr. Buda has co-authored eleven articles published in high impact

factor journals and three extended abstracts published in Proceedings of Medical Imaging 2020:

Computer-Aided Diagnosis Conference. Based on the 2021 Journal Citations Report, the mean

impact factor of the journals was 12.7, excluding Radiology: Artificial Intelligence, which was

not indexed yet. According to the Web of Science, the total number of citations was over 1600,

and the author’s h-index was 9. The article published in Neural Networks on the class imbalance

problem was the most cited since 2018 for this journal [30]. According to Google Scholar, the

total number of citations since 2018 was over 3200, with an h-index of 10 and an i10-index of

10 [31].

One of the most significant achievements in Mr. Buda’s research is the publication of the

widely-cited article, ”A systematic study of the class imbalance problem in convolutional neu-

ral networks,” in the Neural Networks journal. As of November 2023, this paper has been cited

over 2100 times, underlining its influence and the importance of the problem it addresses within

the machine learning and computer vision communities. This publication served as the foun-

dational groundwork for subsequent works included in this thesis. This work has significantly

contributed to the understanding and development of more robust and reliable convolutional
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neural network models for image-based diagnosis in radiology, underscoring Mr. Buda’s sub-

stantial contribution to the field.

In addition, Mr. Buda was on the organizing committee of DBTex I [32] and DBTex II [33],

challenges organized by the International Society for Optics and Photonics, the American As-

sociation of Physicists in Medicine, the National Cancer Institute, and the Duke Center for Ar-

tificial Intelligence in Radiology [28]. He was a speaker at the ”Informatics in Medicine and

Biology” seminar, organized by Professor Artur Przelaskowski [34] and at ”ML in PL Confer-

ence” in Warsaw in 2019 [35]. He also contributed to the academic community as a reviewer

for multiple scientific journals, e.g., Neural Networks, Artificial Intelligence Review, Comput-

ers in Biology and Medicine, Data Mining and Knowledge Discovery, The Journal of Machine

Learning Research, and other.

By making datasets, code, and methodologies publicly available, the author promotes trans-

parency, reproducibility, and collaboration in the field, laying the groundwork for future re-

search directions.
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REVIEW ARTICLE

Deep Learning in Radiology: An Overview
of the Concepts and a Survey of the State

of the Art With Focus on MRI
Maciej A. Mazurowski, PhD,1,2,3* Mateusz Buda, MS,1 Ashirbani Saha, PhD,1 and

Mustafa R. Bashir, MD1,4

Deep learning is a branch of artificial intelligence where networks of simple interconnected units are used to extract pat-
terns from data in order to solve complex problems. Deep-learning algorithms have shown groundbreaking performance
in a variety of sophisticated tasks, especially those related to images. They have often matched or exceeded human per-
formance. Since the medical field of radiology mainly relies on extracting useful information from images, it is a very natu-
ral application area for deep learning, and research in this area has rapidly grown in recent years. In this article, we discuss
the general context of radiology and opportunities for application of deep-learning algorithms. We also introduce basic
concepts of deep learning, including convolutional neural networks. Then, we present a survey of the research in deep
learning applied to radiology. We organize the studies by the types of specific tasks that they attempt to solve and review
a broad range of deep-learning algorithms being utilized. Finally, we briefly discuss opportunities and challenges for incor-
porating deep learning in the radiology practice of the future.
Level of Evidence: 3
Technical Efficacy: Stage 1

J. MAGN. RESON. IMAGING 2019;49:939–954.

THE FIELD OF DEEP LEARNING encompasses a
group of artificial intelligence methods that employ a

large number of simple interconnected units to perform
complicated tasks. Deep-learning algorithms, rather than
using a set of preprogrammed instructions, are capable of
learning from large amounts of data. The tasks solved by
these algorithms include localizing and classifying objects in
images, understanding language, playing games, and many
others.1 While the flagship of deep learning, convolutional
neural networks, were first introduced decades ago, only in
the last 5 years have astonishing success of these algorithms
elevated their status from interesting but impractical ideas
to the go-to algorithms in artificial intelligence. In recent
years, not only have deep-learning algorithms been able to
surpass performance of other methods in artificial
intelligence,2 but in some tasks, such as pneumonia recog-
nition, they have shown performance superior to
humans.3–5

Arguably, the most well-known achievement of deep
learning to date is its performance in the ImageNet competi-
tion. ImageNet is a database of more than 14,000,000 anno-
tated natural images containing real-world objects such as
cars, animals, and buildings (http://www.image-net.org). One
of the goals of the competition is to assign each image to one
of 1000 predefined categories. When a deep-learning-based
algorithm first appeared in the competition in 2012, it dra-
matically improved the error rate from 0.258 in the previous
year (http://image-net.org/challenges/LSVRC/2011/results) to
0.153 (http://image-net.org/challenges/LSVRC/2012/results.
html). The error rate produced by deep-learning-based
methods dropped below that achieved by human observers in
2015 for the first time.5 The performance of deep-learning
algorithms for image classification has been improving since
then and is now considered comparable to or better than
human performance for many tasks.6–8 Other areas relevant
to the topic of this article, where deep-learning algorithms
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have seen impressive results, include the automatic generation
of sophisticated captions for images that consist of full sen-
tences9 as well as localization and outlining of objects in
images.10,11

There are likely three reasons for the recent success of
deep-learning algorithms: availability of data, increased pro-
cessing power, and rapid development of algorithms. These
are highly connected: availability of large datasets of images
and computing power made it possible to demonstrate the
strength of the basic concepts of deep learning, and these suc-
cesses motivated the development of further datasets and
algorithms. The availability of graphic processing units
(GPUs), which can be used in a multicore model for rapid
data processing, has dramatically reduced computation times
and enabled larger scientific and technical communities to
become involved and to develop even more powerful algo-
rithms, which further advanced the field.

As the primary strength of deep learning has been in
image analysis, the potential applications in radiology have
become very quickly apparent. The development of algo-
rithms for radiology has shown some inertia due to the time
needed for acquisition of the appropriate expertise in the
medical imaging community as well as limited availability of
large medical imaging datasets. However, the last 2–3 years
have seen remarkable productivity in the field. It is now well
recognized by both researchers and clinicians that deep learn-
ing will play a significant role in radiology.

In this article we begin with a general overview of radi-
ology as the application domain and consider where deep
learning could have the most significant impact. Then we
introduce the general concepts of deep learning. This is fol-
lowed by an overview of the recent work in the field, empha-
sizing developments related to magnetic resonance imaging
(MRI). The article closes with remarks regarding the future
of deep learning in radiology.

The Practice of Radiology
Deep-learning techniques (and artificial intelligence algo-
rithms in general) have a tremendous potential to influence
the practice of radiology. Unlike most other facets of medi-
cine, nearly all of the primary data utilized in imaging as well
as the outputs produced by radiologists (ie, imaging reports)
are digital, lending those data to analysis by artificial intelli-
gence algorithms.

One of the most challenging tasks in the interpretation
of images is that of disease detection: the rapid differentiation
of abnormalities from normal background anatomy. For
example, in the interpretation of mammography each radio-
graph contains thousands of individual focal densities,
regional densities, and geometric points and lines that must
be interpreted to detect a small number of suspicious or
abnormal findings. Fortunately, in order to be useful a

computer algorithm does not have to detect all objects of
interest (eg, abnormalities) and be perfectly specific (ie, not
mark any normal locations). For example, in screening mam-
mography �80% of screening mammograms should be read
as negative according to the American College of Radiology
(ACR) Breast Imaging and Reporting Data System (BI-
RADS) guideline. Of the 20% of examinations that trigger
additional evaluation, many will ultimately be categorized as
negative or benign.12 An algorithm that could successfully
categorize even half of the screening mammograms as defi-
nitely negative would dramatically reduce the effort required
to interpret a large batch of examinations.

Once an abnormality has been detected, the often-
complex task of determining a diagnosis and the disease manage-
ment implications is undertaken. For focal masses generically, a
large number of features must be integrated in order to decide
how to appropriately manage the finding. These features can
include size, location, signal intensity, borders, heterogeneity,
change over time, and others. In some cases, simple criteria have
been established and validated for the management of focal find-
ings. For example, most focal lesions in the kidney can be charac-
terized as either simple or minimally complex cysts, which almost
uniformly do not require treatment. On the other hand, most
lesions in the kidney that are solid are considered to have high
malignant potential. Finally, a minority of focal kidney lesions are
considered indeterminate and can be managed accordingly.
Deep-learning algorithms have the potential to assess a large
number of features, including features previously not considered
by radiologists, and to arrive at a repeatable conclusion in a frac-
tion of the time required for a human interpreter.

While detection, diagnosis, and characterization of dis-
ease receive the primary attention among algorithm developers,
another important area where artificial intelligence could con-
tribute is in facilitating the workflow of the radiologists while
interpreting images. With the near-complete conversion from
printed films to centralized digital Picture Archiving and View-
ing Systems (PACS) as well as the availability of multiplanar,
multicontrast, and multiphase MRI, radiologists have seen
exponential growth in the size and complexity of image data to
be analyzed. However, standard PACS systems are not able to
reliably organize and present all relevant imaging data to the
interpreter for a variety of reasons, including differences in
sequence labeling, patient positioning, and anatomy between
examinations, variability in modalities used to image the same
portion of the anatomy, as well as other factors. In principle,
an artificial intelligence algorithm could bring forward
sequences from examinations that include the relevant body
part(s), detect the image modality and contrast type, and deter-
mine the location of the area of interest within the relevant
anatomy to reduce the radiologist’s effort in performing these
relatively mundane tasks.

Finally, computer algorithms might be able to perform
medical image interpretation tasks that radiologists do not
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perform on a regular basis. For example, the field of radio-
genomics13 aims to find relationships between imaging fea-
tures of tumors and their genomic characteristics. Examples
can be found in breast cancer,14 glioblastoma,15 low-grade
glioma,16 and kidney cancer.17 However, due to its complex-
ity, radiogenomics is not a part of the typical clinical practice
of a radiologist. Another example is prediction of outcomes of
cancer patients with applications in glioblastoma,15,18 lower-
grade glioma,16 and breast cancer.19 While imaging features
have a potential to predict patient outcomes, very few are cur-
rently used to guide oncological treatment. Deep learning
could facilitate the process of incorporating more of the infor-
mation available from imaging into oncology practice.

An Introduction to Deep Learning
Terminology
To understand deep learning, it is helpful to first understand
the related concepts of artificial intelligence and machine learn-
ing. Artificial intelligence is the most generic of the three
terms, comprising a set of computer algorithms that are able to
perform complicated tasks or tasks that require intelligence
when conducted by humans. Machine learning is a subset of
artificial intelligence algorithms which, to perform these com-
plicated tasks, are able to learn from provided data and do not
require predefined rules of reasoning. The field of machine
learning is very diverse and has already had notable applications
in medical imaging.20 Deep learning is a subdiscipline of
machine learning that relies on networks of simple intercon-
nected units. In deep learning models, these units are con-
nected to form multiple layers that are capable of generating
increasingly high-level representations of the provided inputs
(eg, images). Below, in order to explain the architecture of
deep learning models, we introduce the artificial neural net-
work in general and one specific type: the convolutional neural
network. Then we detail the process of “learning” as applied to
networks, which is the process of incorporating the patterns
extracted from data into the deep neural networks.

Artificial Neural Networks
Artificial neural networks (ANNs) are machine-learning
models based on basic concepts dating as far as back as the
1940s, significant development in the 1970s and 1980s, and
a period of notable popularity in the 1990s and 2000s, fol-
lowed by a period of being overshadowed by other machine-
learning algorithms. The ANN is based on a concept of an
artificial neuron, which is a model of a nerve cell. While
many neuron models have been proposed, a typical neuron
simply multiplies each input by a certain weight, then adds
all the products for all the inputs and applies a simple mathe-
matical function referred to as an activation function, to pro-
duce a single output value. An illustration of a neuron and
different activation functions is shown in Figs. 1A,B, respec-
tively. An ANN consists of a multitude of interconnected

neurons, usually organized in layers. A simple ANN is illus-
trated in Fig. 1C. A traditional ANN typically used in the
practice of machine learning contains 2 to 3 layers of neu-
rons. Even though each neuron performs a very rudimentary
calculation, the interconnected nature of the network allows
for the performance of very sophisticated calculations and
implementation of very complicated functions.

Convolutional Neural Networks
Deep neural networks are a special type of ANN. The most
common type of deep neural network is a deep convolutional
neural network (CNN). Deep CNNs, while inheriting the
properties of a generic ANN, also have their own specific fea-
tures. First, they are “deep,” which is to say that they are typi-
cally comprised of 10–30 layers, and in extreme cases could
exceed 1000 layers. Second, their neurons are connected such
that multiple neurons share weights. This effectively allows
the network to perform convolutions (or template matching)
of the input image with the filters (defined by the weights)
within the CNN. Another special feature of CNNs is that
between some layers they perform pooling operations (see
Fig. 2), which make the network invariant to small changes
in the input data. Finally, CNNs typically use a different
nonlinear transformation when generating the output of a
neuron as compared with traditional ANNs.

Figure 2 illustrates key concepts for CNNs. Specifically,
Fig. 2A demonstrates how a network performs a multiplica-
tion of its weights, organized in a matrix by the original pixels
within an image. As this multiplication is repeated across dif-
ferent locations in the image, this operation corresponds to
filtering of an image where the filters (a.k.a. the convolutional
kernels) are defined by the network weights. These layers are
referred to as convolutional layers. Figure 2B shows the basic
concept of a max pooling layer where a maximum value of
multiple neighboring outputs of the previous layer is passed
to the next layer. Convolutional layers, pooling layers, and
fully connected layers (such as those in the multilayer neural
network in Fig. 1C) are the primary components of a CNN.
Figure 2C shows an example of a small architecture for a typi-
cal CNN. A variety of deep-learning architectures have been
proposed, often driven by characteristics of the task at hand
(eg, fully convolutional neural networks for image segmenta-
tion). Some of these are described in more detail in the
section of this article that reviews the current state of the art.

The Learning Process for CNNs
Above, we described general characteristics of traditional neu-
ral networks and deep learning’s flagship, the CNN. Next,
we will explore how to make those networks perform useful
tasks. This is accomplished in the process referred to as learn-
ing or training. The learning process for a CNN simply con-
sists of changing the weights of the individual neurons in
response to the provided input data. In the most popular type
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of a learning process, called supervised learning, a training
example contains an object of interest (eg, a T2-weighted
image of a tumor) and a label (eg, the tumor’s pathology:
benign or malignant). In our example, the image is presented

to the network’s input, and the calculation is carried out
within the network to produce a predicted summary value
(such as a likelihood of malignancy) based on the current
weights of the network. Then the network’s prediction is
compared with the actual label of the object (eg, 0 for benign,
1 for malignant), and an error is calculated. A correction for
the error is then propagated through the network to change
the values of the network’s weights such that the next time
the network analyzes this exact example, the error decreases.
In practice, the correction of the weights is performed after a
group of examples (a batch) are presented to the network.
This process is called error backpropagation or stochastic gra-
dient descent. Various modifications of the stochastic gradient
descent algorithm have been developed.21 In principle, this
iterative process consists of calculations of error between the
output of the model and the desired output and adjusting the
weights in the direction where the error decreases.

The most straightforward way of training is to start with
a random set of weights and train them using available data
specific to the problem being solved (training from scratch).
However, given the large number of parameters (weights) in a
network, often above 10 million, and a limited amount of
training data for a specific task, a network may overtrain
(a.k.a. overfit) to the available data (ie, fitting to well to the
training set and not generalizing well to test data), resulting
in poor performance on test data. Two training methods have
been developed to address this issue: transfer learning22 and
off-the-shelf features (a.k.a. deep features).23 There are many
properties of the dataset used for pretraining that affect its
usability, eg, similarity of the structures present in the images
and the size of the original dataset. However, the quantitative
effects of these factors are still a part of ongoing research on
transfer learning methods. A diagram comparing training

FIGURE 1: A diagram illustrating basic concepts of artificial neural network: (A) a model of a neuron where x1,…,xn are the network
inputs, w1,…,wn are the weights, b is a bias, f is the activation function, and y is the neuron output. (B) Two common activation
functions. (C) A model of a simple neural network.

FIGURE 2: A diagram illustrating basic concepts of convolutional
neural networks. (a) Convolutional layers: values in the
convolutional filters implemented in the network weights
(middle column) are multiplied by the pixel values and the
products are summed up. (b) A max pooling layer: a maximum
pixel value is taken in a given region. (c) An architecture of a
simple convolutional neural network including convolutional,
pooling, and fully connected layers.
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from scratch with transfer learning and off-the-shelf deep fea-
tures is shown in Figure 3.

In the transfer learning approach, the network is first
trained using a different dataset, for example, an ImageNet
collection. Then the network is “fine-tuned” through the
addition of training data specific to the problem to be
addressed. The idea behind this approach is that performing
different visual tasks shares a certain level of processing such
as recognition of edges or simple shapes. This approach has
been shown successful in, for example, prediction of patient
survival time from brain MRI in patients with glioblas-
toma24 or in skin lesion classification.25 Another approach
that addresses the issue of limited training data is the deep

“off-the-shelf” features approach that uses CNNs that have
been trained on a different dataset to extract features from
the images. This is done by using a pretrained network and
extracting outputs of layers prior to the network’s final
layer. Those layers typically have hundreds or thousands of
outputs. Then these outputs are used as inputs to “tradi-
tional” classifiers such as linear discriminant analysis, sup-
port vector machines, or decision trees. This is similar to
transfer learning (and is sometimes considered a part of
transfer learning) with the difference being that the final
layers of a CNN are replaced by a traditional classifier and
the early layers are not additionally trained for the specific
task at hand.

FIGURE 3: An illustration of different ways of training in deep neural networks: training from scratch, transfer learning, and deep
features

April 2019 943

Mazurowski et al.: Deep Learning in Radiology

50



Deep Learning vs. “Traditional” Machine Learning
Increasingly often we hear a distinction between deep learn-
ing and “traditional” machine learning (Fig. 4). The differ-
ence is very important, particularly in the context of medical
imaging. In traditional machine learning, the first step is typi-
cally feature extraction. This means that to classify an object,
one must decide which characteristics of an object will be
important and implement algorithms that are able to capture
these characteristics. A number of sophisticated algorithms in
the field of computer vision have been proposed for this

purpose and a variety of size, shape, texture, and other fea-
tures have been extracted. This process is to a large extent
arbitrary, since the machine learning researcher or practitioner
often must guess which features will be of use for a particular
task and runs the risk of including useless and redundant fea-
tures and, more important, not including truly useful fea-
tures. In deep learning, the process of feature extraction and
decision making are merged and trainable, and therefore no
choices need to be made regarding which features should be
extracted; this is decided by the network in the training

FIGURE 4: An illustration of difference between “traditional” machine learning and deep learning. In the “traditional” machine
learning, a set of predefined features is extracted and used by a multivariate classifier. In deep learning the entire image is provided
as an input to a neural network, which outputs a decision.

FIGURE 5: Examples of applications of deep neural network to medical images in our laboratory. (A) A classification task in which a
CNN was designed to distinguish between different genomic subtypes (cluster of clusters) of lower grade gliomas in MRI. (B) An
automatic segmentation of low grade glioma tumors in MRI. (C) A detection of thyroid nodules in ultrasound.
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process. However, the cost of allowing the neural network to
select its own features is a requirement for much larger train-
ing data sets.

Deep Learning in Radiology: State of the Art
In this section we give an overview of applications of deep
learning in radiology. We organized this section by the tasks
that the deep-learning algorithms perform. Within each sub-
section, we describe different methods applied, and, when
possible, we systematically discuss the evolution of these
methods in recent years. Other recent reviews surveyed the
applications of deep learning in broadly understood medical
imaging (including pathology)26 and specifically in brain seg-
mentation in MRI.27 The summary of the reviewed studies is
presented in Table 1.

Classification
In a classification task, an object is assigned to one of the pre-
defined classes. A number of different classification tasks can
be found in the domain of radiology, such as: classification of
an image or an examination to determine the presence or
absence of an abnormality; classification of abnormalities as
benign or malignant; classification of cancerous lesions
according to their histopathological and genomic features;
prognostication; and classification for the purpose of organiza-
tion radiological data.

Deep learning is becoming the methodology of choice
for classifying radiological data. The majority of the avail-
able deep-learning classifiers use CNNs with a varying num-
ber of convolutional layers followed by fully connected
layers. The availability of radiological data is limited as com-
pared with the natural image datasets that have driven the
development of deep-learning techniques over the last
5 years. Therefore, many applications of deep learning in
medical image classification have resorted to techniques
meant to alleviate this issue: off-the-shelf features and trans-
fer learning,28 discussed in the previous section of this arti-
cle. Off-the-shelf features have performed well in a variety
of domains,23 and this technique has been successfully
applied to medical imaging.29,30 In Antropova et al,29 the
authors combined the deep off-the-shelf features extracted
from a pretrained deep CNN network with hand-crafted
features for determining malignancy of breast lesions in
mammography, ultrasound, and MRI and achieved statisti-
cally significant improvements in performance compared
with existing breast cancer computer-aided diagnosis
methods. In Ref. 30, long-term and short-term survival with
improved (29%) accuracy was predicted for patients with
lung carcinoma by combining off-the-shelf features with the
traditional quantitative features. The other strategy, transfer
learning, involves fine-tuning of a network pretrained on a
different dataset. Transfer learning has been successfully
applied to a variety of tasks, such as classification of prostate

MR images to distinguish patients with prostate cancer from
patients with benign prostate conditions31 using MRI. Most
of the studies that apply the transfer learning strategy
replace and retrain the deepest layer of a network, while the
shallow layers are fixed after the initial training. A variant of
the transfer learning strategy combines fine-tuning and deep
features approaches. It fine-tunes a pretrained network on a
new dataset to obtain more task-specific deep feature repre-
sentations. An ensemble of fine-tuned CNN classifiers was
shown to outperform traditional CNNs in predicting the
radiological image modality on a test set of 4166 images.32

A comparison of approaches using deep features and transfer
learning with fine-tuning has been shown useful for identi-
fying radiogenomic relationships in breast cancer MRI.33

Although deep features performed better than transfer learn-
ing with the fine-tuning approach, the method faced the
issue of training on a small dataset.

When sufficient data are available, an entire deep neural
network can be trained from a random initialization (training
from scratch). The size of the network to be trained depends
on task and dataset characteristics. However, the commonly
used architecture in medical imaging is based on AlexNet2 and
VGG34 with modifications that have fewer layers and weights.
Training from scratch has been applied to assessing the presence
of Alzheimer’s disease based on brain MRI using deep learn-
ing.35 In that study, using the publicly available ADNI cohort,
sparse regression models were combined with deep neural net-
works to achieve higher classification performance compared
with several nondeep-learning-based techniques in differentiat-
ing Alzheimer’s vs. normal controls. Recent advances in the
design of CNN architectures have made networks easier to train
and more efficient. They have more layers and perform better
(in terms of accuracy or area under the curve [AUC]) while
having fewer trainable parameters, which reduces the likelihood
of overtraining.36 The most notable examples include Residual
Networks (ResNets)37 and the Inception architecture.38,39 A
shift toward these more powerful networks has also taken place
in applications of deep learning to radiology both for transfer
learning and training from scratch. Three different ResNets
were used to predict methylation of the O6-methylguanine
methyltransferase gene status from brain tumor presurgical
MRI40 with an accuracy of 94.9%, which is better than con-
ventional machine learning-based techniques using MRI texture
features. In Kim and Mackinnon,41 the InceptionV3 network
was fine-tuned and served as a feature extractor instead of the
previously used GoogLeNet to classify wrist radiographs into
two categories (with and without fracture). The authors lever-
aged the data augmentation to generate 11,112 training images
from an initial set of 1389 images and obtained an AUC of
0.95 on the test set.

In another approach, auto-encoder42 or stacked auto-
encoder43 networks were trained from scratch, layer by
layer, in an unsupervised way. A stacked denoising auto-
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TABLE 1. Overview of Articles Presented in the Review Split by Task and Organ

Task Site Reference

Classification of breast mass lesions Breast Antropova, Huynh, and Giger 2017

Classification of survival groups Lung Paul R, Hawkins SH, Balagurunathan Y, Schabath
MB, Gillies RJ, Hall LO 2016

Classification of prostate cancer Prostate Wang et al. 2017

Classification of image modality Multiple Kumar et al. 2017

Classification of genomic subtypes Breast Zhu et al. 2017

Classification for Alzheimer’s disease Brain Suk, Lee, and Shen 2017

Classification of O6-methylguanine
methyltransferase gene status

Brain Korfiatis et al. 2017

Classification of fracture Wrist Kim and Mackinnon 2017

Classification for Alzheimer’s disease Brain Ortiz et al. 2017

Classification for multiple sclerosis Brain Yoo et al. 2018

Classification of genomic subtypes Brain Akkus, Ali, et al. 2017

Classification of genomic subtypes Brain Wachinger, Reuter, and Klein 2017

Segmentation of rectal cancer Rectum Trebeschi et al. 2017

Segmentation of brain in fetal US Fetal brain Salehi et al. 2017

Segmentation of liver and hepatic lesions Liver Christ et al. 2017

Segmentation of liver tumor Liver X. Li et al. 2017

Segmentation of prostate gland Prostate Clark et al. 2017

Segmentation of sclerosis lesions and gliomas Brain McKinley et al. 2016

Segmentation of brain structure Brain Mehta and Sivaswamy 2017

Segmentation of prostate Prostate Milletari, Navab, and Ahmadi 2016

Segmentation of proximal femur Proximal femur Deniz et al. 2017

Segmentation of gliomas Brain Shen and Anderson, n.d.

Segmentation of left-ventricle Brain Poudel, Lamata, and Montana 2016

Segmentation of pancreas Pancreas Cai et al. 2017

Segmentation of left-ventricle Heart Avendi, Kheradvar, and Jafarkhani 2016

Detection of sclerosis Brain Rey et al. 2002

Detection of lymph nodes Lymph nodes Roth et al. 2014

Detection of cerebral microhemorrhage Brain Dou et al. 2016

Detection of thoraco-abdominal lymph nodes Lymph nodes Shin et al. 2016

Detection of pulmonary embolism Lung Tajbakhsh et al. 2016

Detection of masses Breast Samala et al. 2016

Detection of intervertebral disc Spine Sa et al. 2017

Detection of colitis Colon J. Liu et al. 2017

Detection of breast cancer Breast Platania et al. 2017
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encoder with backpropagation was used in Ortiz et al44 to
determine the presence of Alzheimer’s disease. Auto-
encoders and stacked auto-encoders can also be used to
extract feature representations (similar to the deep features

approach) from hidden layers for further classification. Such
feature representation has also been used in the identifica-
tion of multiple sclerosis lesions in using MRI and myelin
maps jointly.45

TABLE 1. Continued

Task Site Reference

Detection of breast tumor Breast Cao et al. 2017

Detection of pulmonary lung nodules Lung N. Li et al. 2017

Detection of 3D anatomy in chest Chest de Vos et al. 2016

Detection of knee cartilage Knee Prasoon et al. 2013

Detection of sclerotic metastases Brain Roth, Lu, et al. 2016

Detection of lymph nodes Lymph nodes Roth, Lu, et al. 2016

Detection of colonic polyp Colon Roth, Lu, et al. 2016

Detection of fractures on spine Spine Roth, Wang, et al. 2016

Registration of T1-T2 MRI of
the neonatal brain

Brain Simonovsky et al. 2016

Registration of brain MRI Brain Maes et al. 1997

Correction of respiratory motion Abdomen Lv et al. 2017

Registration of cardiac cine MRI Heard de Vos et al. 2017

Reconstruction of 7T-like MRI Brain Bahrami et al. 2016

Reconstruction of MRI Heart Schlemper et al. 2017

Reconstruction of compressed sensed MRI Abdomen Yang et al. 2017

Synthesis of MRI Brain Chartsias et al. 2017

Reconstruction of CT images from low-dose
CT images

Multiple H. Chen et al. 2017

Reconstruction of CT images from low-dose
CT images

Abdomen Kang, Min, and Ye 2017

Generation of CT images from MRI Pelvis Nie et al. 2016

Generation of CT images from MRI Brain Han 2017

Prediction of PET pattern from MRI Brain R. Li et al. 2014

Super-resolution in MRI Heart Oktay et al. 2016

Enhancement of DCE-MRI Brain Benou et al. 2017

Denoising of 3D MRI Brain Jiang et al. 2017

Content-based image retrieval Multiple Qayyum et al. 2017

Automatic objective image quality assessment Fetal Wu Lingyun, Cheng Jie-Zhi, Li Shengli, Lei Baiying,
Wang Tianfu 2017

Automatic objective image quality assessment Heart Abdi AH, Luong C, Tsang T, Allan G, Nouranian S,
Jue J, Hawley D, Fleming S, Gin K, Swift J 2017

Diagnostic quality assessment of MRI Liver Esses et al. 2017
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Segmentation
In an image segmentation task, an image is divided into dif-
ferent regions in order to separate distinct parts or objects. In
MRI, the common applications are segmentation of organs,
substructures, or lesions, often as a preprocessing step for fea-
ture extraction and classification.46,47 Below, we discuss dif-
ferent types of deep learning approaches used in segmentation
tasks in a variety of radiological images.

The most straightforward and still widely used method
for image segmentation is classification of individual voxels
based on small image patches (both 2D and 3D patches)
extracted around the classified voxel. This approach has found
use in various segmentation problems; for example, brain
tumor segmentation,48–50 white matter segmentation in mul-
tiple sclerosis patients,51 segmentation of normal components
of brain anatomy,52 and rectal cancer segmentation.53 It
allows for using the same network architectures and solutions
that are known to work well for classification; however, there
are some shortcomings to this method. The primary issue is
that these methods are computationally inefficient, since they
process overlapping parts of images multiple times. Another
drawback is that each voxel is segmented based on a limited-
size context window and ignores the wider context. In some
cases, some global information, eg, pixel location or relative
position to other image parts, may be needed to correctly
assign its label.

One approach that addresses the shortcomings of the
voxel-based segmentation is a fully convolutional neural net-
work (fCNN).54 Networks of this type process the entire
image (or large portions of it) at the same time and output a
2D map of labels (ie, a segmentation map) instead of a label
for a single pixel. A very important advantage of fCNNs over
the voxel-based approach is avoiding many repeated convolu-
tions by analyzing a large portion of the image and providing
the segmentation label for all the voxels at the same time.
Example architectures that were successfully used in both nat-
ural images and radiology applications are encoder–decoder
architectures such as U-Net55–57 or Fully Convolutional
DenseNet.58–60 Various adjustments to these types of archi-
tectures have been developed that mainly focus on connec-
tions between the encoder and decoder parts of the networks,
called skip connections. An fCNN was applied in Clark
et al61 in radiology that included prostate gland segmentation
in diffusion-weighted MRI. Although a relatively small data-
set of over 100 cases was used, the segmentation quality as
evaluated with a Dice similarity coefficient was 0.89. In
another study,62 an fCNN was used for segmentation of mul-
tiple sclerosis lesions and gliomas in MRI slices of axial, coro-
nal, and sagittal planes separately. In addition to differences
in building blocks for fCNNs, different optimization func-
tions have been explored that account for class imbalance
(remarkable differences among the number of examples in
each class), which is common in medical datasets.63 In Mehta

and Sivaswamy,64 weighted cross-entropy loss was used for
brain structure segmentation in MRI. The proposed method
did not require any postprocessing and offered on average
10 times faster processing of large MRI volumes compared
with other tested methods.

In order to segment 3D data, it is common to process
data as 2D slices and then combine the 2D segmentation
maps into a 3D map, since 3D fCNNs are significantly larger
in terms of trainable parameters and as a result require signifi-
cantly larger amounts of data. Nevertheless, these obstacles
can be overcome, and there are successful applications of 3D
fCNNs in radiology, eg, V-Net for prostate segmentation
from MRI,65 3D U-Net66 for segmentation of the proximal
femur for assessing osteoporosis,67 and brain glioma
segmentation.68

Finally, a deep learning approach that has found some
application in medical imaging segmentation is recurrent neu-
ral networks. In Poudel et al,69 the authors applied a recur-
rent fCNN for left-ventricle segmentation in multislice
cardiac MRI to leverage interslice spatial dependences. Simi-
larly, Cai et al70 used a long short / term memory (LSTM)71

type of recurrent neural network trained end-to-end together
with fCNN to take advantage of 3D contextual information
for pancreas segmentation in MR images. In addition, they
proposed a novel loss function that directly optimizes a
widely used segmentation metric, the Jaccard Index.72

Detection
Detection is a task of localizing and pointing out (eg, using a
rectangular box) an object in an image. In radiology, detec-
tion is often an important step in the diagnostic process that
identifies an abnormality (such as a mass or a nodule), an
organ, an anatomical structure, or a region of interest for fur-
ther classification or segmentation.73,74 Here we discuss the
common architectures used for various detection tasks in radi-
ology along with example specific applications.

The most common approach to detection for 2D data
is a two-phase process that requires training of two models.
The first phase identifies all suspicious regions that may con-
tain the object of interest. The requirement for this phase is
high sensitivity,75 and therefore it usually produces many false
positives. A typical deep-learning approach for this phase is a
regression network for bounding box coordinates based on
architectures used for classification.76,77 The second phase is
simply classification of subimages extracted in the previous
step. In some applications, only one of the two steps uses
deep learning. This strategy has been applied in cerebral
microhemorrhage detection using a large dataset of 320 MRI
volumes and achieved 93% sensitivity.78

The classification step, when utilizing deep learning, is
often performed using transfer learning. The models are often
pretrained on natural images, for example for thoraco-
abdominal lymph node detection in Shin et al79 and
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pulmonary embolism detection in computed tomography
(CT) pulmonary angiogram images.28 In other applications,
models have been pretrained using other medical imaging
datasets to detect masses in digital breast tomosynthesis
images.80 The same network architectures can be used for the
second phase, as in a regular classification task (eg, VGG,34

GoogLeNet,81 Inception,38 ResNet37, depending on the
needs of a particular application.

While in the two-phase detection process the models
are trained separately for each phase, in the end-to-end
approach one model encompassing both phases is trained. An
end-to-end architecture that has proved to be successful in
object detection in natural images, and was recently applied
to medical imaging, is the Faster Region-based Convolutional
Neural Network.10 It uses a CNN to obtain a feature map
that is shared between a region proposal network that outputs
bounding box candidates, and a classification network that
predicts the category of each candidate. It was recently
applied for intervertebral disc detection in X-ray images82 and
detection of colitis on CT images.83

Another approach to detection is a single-phase detector
that eliminates the first phase of region proposals. Examples
of popular methods that were first developed for detection in
natural images and rely on this approach are You Only Look
Once (YOLO),84 Single Shot MultiBox Detector,85 and Reti-
naNet.11 In the context of radiology, a YOLO-based network
called BC-DROID has been developed for region of interest
detection in breast mammograms.86 Single Shot MultiBox
Detector has been employed for breast tumor detection in
ultrasound images, outperforming other evaluated deep-
learning methods that were available at the time.87 Li et al88

applied the same network for detection of pulmonary lung
nodules in CT images. The above-mentioned methods and
architectures were widely adapted for natural images and
some medical imagining modalities, eg, CT, mammograms,
X-rays, however, are still uncommonly applied in object
detection using MRI.

In the examples above, 2D data have typically been
used. For 3D imaging volumes, which are most commonly
encountered in CT and MRI, the results obtained from 2D
processing can be combined to produce the final 3D bound-
ing box. As an example, in de Vos et al89 the authors per-
formed detection of 3D anatomy in chest CT images by
processing data slice-by-slice in one direction. Combining
output from different planes was performed in several studies.
Most of the them90–92 used orthogonal planes of MRI and
CT images performing detection in each direction separately.
The results can then be combined in different ways, eg, by an
algorithm based on output probabilities89 or using another
machine-learning method like random forest.88 An alternative
method for 3D detection has been proposed for automatic
detection of lymph nodes by concatenating coronal, sagittal,
and axial views as a single three-channel image.75

Other Tasks in Radiology
While the majority of the applications of deep learning in
radiology have been in classification, segmentation, and detec-
tion, other medical imaging-related problems have found
some solutions in deep learning. Due the variety of those
problems, there is no unifying methodological framework for
these solutions. Therefore, below we organize the examples
according to the problem that they attempt to address.

IMAGE REGISTRATION. In this task two or more images
(often 3D volumes), typically of different types (eg, T1-
weighted and T2-weighted image sets) must be spatially
aligned such that the same location in each image represents
the same physical location in the depicted organ. Several
approaches can be used to address the problem. In one
approach, similarity measures between image patches taken
from the images of interest are calculated and used to register
the image sets. Simonovsky et al93 used deep learning to learn
a similarity measure from T1-T2 MR image pairs of the adult
brain and tested it to register T1-T2 MRI interpatient images
of the neonatal brain. This similarity measure performed bet-
ter than the standard measure, called mutual information,
which is widely used in registration.94 In another deep-learn-
ing-based approach to image registration, the deformation
parameters between image pairs are directly learned using
misaligned image pairs. A CNN-based network was trained
to correct respiratory motion in 3D abdominal MR images95

by predicting spatial transforms. All of these techniques are
supervised regression techniques, as they were trained using
ground truth deformation information. In another
approach,96 which was unsupervised, a CNN was trained
end-to-end to generate a spatial transformation that mini-
mized dissimilarity between misaligned image pairs.

IMAGE GENERATION/RECONSTRUCTION. Acquisition
and hardware parameters can strongly affect the visual quality
and detail of images obtained using the same modality. First,
we discuss the applications that synthesize images generated
using different acquisition parameters within the same modal-
ity. In Bahrami et al,97 7T-like images were generated from
3T MR images by training a CNN with patches centered
around voxels in the 3T MR images. Undersampled
(in k-space) cardiac MRIs were reconstructed using a deep
cascade of CNNs in Schlemper et al.98 A real-time method to
reconstruct compressed sensed MRI using generative adver-
sarial networks (GAN) has also been proposed.99 In another
approach,100 in order to synthesize brain MRIs based on
other MRI sequences in the same patient, convolutional
encoders were built to generate a latent representation of
images. Then, based on that representation, a sequence of
interest was generated. Reconstruction of “normal-dose” CT
images from low-dose CT images (which are degraded in
comparison to normal-dose images) has been performed using
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patch-by-patch mapping of low-dose images to high-dose
images using a shallow CNN.101 In contrast, a deep CNN
has been trained with low-dose abdominal CT images for
reconstruction of normal-dose CT.102

Deep learning has also been applied to synthesizing
images of different modalities. For example, CT images have
been generated using MR images by adopting an fCNN to
learn an end-to-end nonlinear mapping between pelvic CT
and MR images.103 Synthetic CT images of the brain have
also been generated from a single T1-weighted MR image
set.104 In another application to aid a classification framework
for Alzheimer’s disease diagnosis with missing positron emis-
sion tomography (PET) scans, PET patterns were predicted
from MRI using CNN.105

IMAGE ENHANCEMENT. Image enhancement aims to
improve different characteristics of the image such as resolu-
tion, signal-to-noise-ratio, and necessary anatomical structures
(by suppressing unnecessary information) through various
approaches such as superresolution and denoising.

Superresolution of images has particularly been explored
in cardiac and lung imaging. Three-dimensional near-
isotropic cardiac and lung images often require long scan
times in comparison to the time the subject can hold his or
her breath. Thus, multiple thick 2D slices are acquired
instead and the superresolution methodology is applied to
improve the through-plane resolution of the images. A deep
cascade of CNNs has been shown to preserve anatomical
structure up to 11-fold undersampling using cardiac MRI.106

In another study107 using CT, a single image superresolution
approach based on CNN was applied in a publicly available
chest CT image dataset to generate high-resolution CT
images, which are preferred for interstitial lung disease detec-
tion. This method outperformed the traditional compressed
sensing-based approaches used in MR image reconstruction.
In another study,108 to synthesize thin slice knee MRIs from
thick slice knee MRIs, the proposed CNN-based approach
showed improved qualitative and quantitative performance
over the state-of-the-art techniques in a test set of
17 patients.

Image enhancement through denoising application of
using deep learning has also been described in Benou et al,109

where the authors performed denoising of DCE-MRI images
of a brain (for stroke and brain tumors) by training an ensem-
ble of deep auto-encoders using synthesized data. Removal of
Rician noise in real and synthetic 3D MR images using a deep
CNN aided with residual learning can be performed by
excluding the traditional steps of optimization and estimation
of the noise level parameter.110 An encoder-decoder CNN
architecture111 was used to denoise the noisy uptake signal
between a precontrast MR sequence (zero gadolinium dose for
contrast) and a 10% low-dose postcontrast MR sequence of
brain. With the help of this model, full contrast high-quality

postcontrast sequences were reconstructed from sequences
with 10-fold reduction in contrast dose for different patholo-
gies (including glioma) in brain for 50 patients.

CONTENT-BASED IMAGE RETRIEVAL. In the most typical
version of this task, the algorithm, given a query image, finds
the most similar images in a given database. To accomplish
this task, a deep CNN can first be trained to distinguish
between different organs.112 Then features from the three
fully connected layers in the network are extracted for the
images in the set from which the images were retrieved (eval-
uation dataset). The same features can then be extracted from
the query image and compared with those of the evaluation
dataset to retrieve the image.

OBJECTIVE IMAGE QUALITY ASSESSMENT. Objective
quality assessment measures of medical images aim to classify
an image to be of satisfactory or unsatisfactory quality for
subsequent tasks. Objective quality measures of medical
images diagnosis aid in better treatment.113 Image quality of
fetal ultrasound has recently been predicted using CNN.114

Another study attempted to reduce the data acquisition vari-
ability in echocardiograms using a CNN trained on the qual-
ity scores assigned by an expert radiologist.115 As another
example, simple CNN architecture has been reported for clas-
sifying T2-weighted liver MR images as diagnostic or non-
diagnostic quality by CNN.116

Main Challenges and Pitfalls in Development
of Deep-Learning Algorithms
While applications of deep learning in medical imaging show
tremendous promise, there are some challenges and potential
pitfalls, and caution should be exercised in research on the
topic. One of the principal challenges is the availability of
data. While millions of training examples are available for
problems related to natural images, the datasets for medical
images are typically much smaller, with a typical number of
patients in the hundreds range. This, combined with the large
number of parameters in a deep neural network that require
optimization, results in a high risk of overtraining and subse-
quent low performance on data that were not used in the
training process. Some solutions that can help alleviate this
issue are pretraining of the models with other datasets, use of
smaller models, and augmentation of the data by including
slight alterations of the original images in the dataset. A
related issue is often a very small number of cases with a dis-
ease (eg, cancer) as compared with healthy patients. This
issue, referred to as class imbalance, can lead to highly dimin-
ished performance.118 Some solutions have been proposed for
this issue such as a higher rate of sampling of the examples
from the minority class for training.118 However, despite the
solutions that have been proposed to address small dataset size
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and class imbalance, these remain important challenges to the
use of deep learning in radiology.

Given the high risk of overtraining, there is a high like-
lihood of reporting performance that does not reflect the true
ability of a model to classify/predict/segment when the valida-
tion is not conducted properly. Although evaluation of
models through splitting datasets into a training dataset,
which is used for the development of the model and a test set
used for estimating the model’s performance, as well as cross-
validation (splitting the dataset into training and test sets and
combining the evaluation results) can provide a fairly accurate
estimate of generalization performance, these methods also
have limitations. Therefore, sharing the developed models for
testing by other institutions can facilitate further development
by testing reproducibility and can increase the confidence of
the scientific community in these models.

Finally, when aiming to develop deep-learning models
that could be used clinically, one must ensure a proper valida-
tion setup in the experimental validation of the models. This
is highly challenging and sometimes overlooked. It requires
not only posing a clinical question that is of significance and
answers that change clinical decision-making, but also careful
curation of the dataset to include only those patients who are
relevant to the question and precise definitions of other noni-
maging variables such as pathology/genomic markers and
patient outcomes. This requires a close and continuous col-
laboration with clinicians and/or other experts in a given
application field at many stages of the development, as well as
a strong understanding of the clinical reality of the problem
by the technical expert. While those and other issues pose
challenges in the development of deep-learning models, none
of them are insurmountable.

Future of Deep Learning in Radiology
There is a general agreement that deep learning will play a
role in the future practice of radiology, and MRI specifically.
Some predict that deep-learning algorithms will conduct
mundane tasks, leaving radiologists with more time to focus
on intellectually demanding challenges. Others believe that
radiologists and deep-learning algorithms will work hand-in-
hand to deliver performance superior to either alone. Finally,
some predict that deep-learning algorithms will replace radiol-
ogists (at least in their image interpretation capacity)
altogether.

Incorporation of deep learning in radiology will be asso-
ciated with multiple challenges. First, and currently foremost,
is the technological challenge. While deep learning has shown
extraordinary promise in other image-related tasks, the results
in radiology are still far from showing that deep-learning algo-
rithms will replace a radiologist in the entire scope of their
diagnostic work. Some recent studies suggest performance of
these algorithms comparable to expert humans in narrowly

defined tasks, but these results are only applicable to a very
small minority of the tasks that radiologists perform.4,119–125

This is likely to change in the upcoming years, given the
rapid progress in implementing the deep-learning algorithms
in the realm of radiology.

Implementation of deep learning in radiology practice
also poses legal and ethical challenges. Primarily: Who will be
responsible for the mistakes that a computer will make?
While this is a difficult question, similar questions have been
posed and resolved when other technologies were introduced;
for example, elevators and cars. Since artificial intelligence
penetrates various areas of human activity, questions of this
type will likely be studied and answers proposed in the com-
ing years.

Other challenges will include patient acceptance or non-
acceptance of a human’s not being involved in the process of
interpreting their images (regardless of the performance) as
well as regulatory issues. Finally, an important practical issue
is how to incorporate deep-learning algorithms into the radi-
ology workflow in order to improve, rather than disrupt, the
radiology practice.

Conclusion
In summary, in this article we have discussed the principles
of deep learning as well as the current practice of radiology to
elucidate how these new algorithms may be incorporated into
the radiologists’ workflow. We have discussed the progress
and state of art in the field. Finally, we have discussed some
challenges and questions related to implementation of deep
learning in the current practice of imaging. All signs show
that deep learning will play a significant role in radiology.
The next 5 years will be a very exciting time in the field that
may see many questions stated in this article answered
through a collaboration of machine learning scientists and
radiologists.
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a b s t r a c t

In this study, we systematically investigate the impact of class imbalance on classification performance of
convolutional neural networks (CNNs) and compare frequently used methods to address the issue. Class
imbalance is a common problem that has been comprehensively studied in classical machine learning,
yet very limited systematic research is available in the context of deep learning. In our study, we use
three benchmark datasets of increasing complexity, MNIST, CIFAR-10 and ImageNet, to investigate the
effects of imbalance on classification and perform an extensive comparison of several methods to address
the issue: oversampling, undersampling, two-phase training, and thresholding that compensates for
prior class probabilities. Our main evaluation metric is area under the receiver operating characteristic
curve (ROC AUC) adjusted to multi-class tasks since overall accuracy metric is associated with notable
difficulties in the context of imbalanced data. Based on results from our experiments we conclude that
(i) the effect of class imbalance on classification performance is detrimental; (ii) themethod of addressing
class imbalance that emerged as dominant in almost all analyzed scenarios was oversampling; (iii) over-
sampling should be applied to the level that completely eliminates the imbalance, whereas the optimal
undersampling ratio depends on the extent of imbalance; (iv) as opposed to some classical machine
learning models, oversampling does not cause overfitting of CNNs; (v) thresholding should be applied
to compensate for prior class probabilities when overall number of properly classified cases is of interest.

© 2018 Elsevier Ltd. All rights reserved.

1. Introduction

Convolutional neural networks (CNNs) are gaining significance
in a number of machine learning application domains and are
currently contributing to the state of the art in the field of com-
puter vision, which includes tasks such as object detection, image
classification, and segmentation. They are also widely used in
natural language processing or speech recognition where they are
replacing or improving classical machine learning models (Gu et
al., 2015). CNNs integrate automatic feature extraction and dis-
criminative classifier in one model, which is the main difference
between them and traditional machine learning techniques. This
property allows CNNs to learn hierarchical representations (Zeiler
& Fergus, 2014). The standard CNN is built with fully connected
layers and anumber of blocks consisting of convolutions, activation
function layer and max pooling (Krizhevsky, Sutskever, & Hin-
ton, 2012; LeCun et al., 1989; Simonyan & Zisserman, 2014). The

* Corresponding author at: Department of Radiology, Duke University School of
Medicine, Durham, NC, USA

E-mail addresses: buda@kth.se (M. Buda), atsuto@kth.se (A. Maki),
maciej.mazurowski@duke.edu (M.A. Mazurowski).

complex nature of CNNs requires a significant computational
power for training and evaluation of the networks, which is ad-
dressedwith the help ofmodern graphical processing units (GPUs).

A common problem in real life applications of deep learning
based classifiers is that some classes have a significantly higher
number of examples in the training set than other classes. This
difference is referred to as class imbalance. There are plenty of
examples in domains like computer vision (Beijbom, Edmunds,
Kline,Mitchell, & Kriegman, 2012; Johnson, Tateishi, & Hoan, 2013;
Kubat, Holte, & Matwin, 1998; Van Horn et al., 2017; Xiao, Hays,
Ehinger, Oliva, & Torralba, 2010), medical diagnosis (Grzymala-
Busse, Goodwin, Grzymala-Busse, & Zheng, 2004; Mac Namee,
Cunningham, Byrne, & Corrigan, 2002), fraud detection (Chan &
Stolfo, 1998) and others (Cardie & Howe, 1997; Haixiang et al.,
2016; Radivojac, Chawla, Dunker, &Obradovic, 2004)where this is-
sue is highly significant and the frequency of one class (e.g., cancer)
can be 1000 times less than another class (e.g., healthy patient).
It has been established that class imbalance can have significant
detrimental effect on training traditional classifiers (Japkowicz &
Stephen, 2002) including multi-layer perceptrons (Mazurowski et
al., 2008). It affects both convergence during the training phase
and generalization of a model on the test set. While the issue very

https://doi.org/10.1016/j.neunet.2018.07.011
0893-6080/© 2018 Elsevier Ltd. All rights reserved.
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likely also affects deep learning, no systematic study on the topic
is available.

Methods of dealingwith imbalance arewell studied for classical
machine learning models (Chawla, 2005; Japkowicz & Stephen,
2002; Maloof, 2003; Mazurowski et al., 2008). The most straight-
forward and common approach is the use of sampling methods.
Thosemethods operate on the data itself (rather than themodel) to
increase its balance. Widely used and proven to be robust is over-
sampling (Ling & Li, 1998). Another option is undersampling. Naïve
version, called randommajority undersampling, simply removes a
random portion of examples from majority classes (Japkowicz &
Stephen, 2002). The issue of class imbalance can be also tackled on
the level of the classifier. In such case, the learning algorithms are
modified, e.g. by introducing different weights to misclassification
of examples from different classes (Zhou & Liu, 2006) or explicitly
adjusting prior class probabilities (Lawrence, Burns, Back, Tsoi, &
Giles, 1998).

Someprevious studies showed results on cost sensitive learning
of deep neural networks (Chung, Lin, & Yang, 2015; Khan, Ben-
namoun, Sohel, & Togneri, 2015; Raj, Magg, & Wermter, 2016).
New kinds of loss function for neural networks training were also
developed (Wang et al., 2016). Recently, a new method for CNNs
was introduced that trains the network in two-phases inwhich the
network is trained on the balanced data first and then the output
layers are fine-tuned (Havaei et al., 2017). While little systematic
analysis of imbalance and methods to deal with it is available
for deep learning, researchers employ some methods that might
be addressing the problem likely based on intuition, some inter-
nal tests, and systematic results available for traditional machine
learning. Based on our review of the literature, the method most
commonly applied in deep learning is oversampling.

The remainder of this paper is organized as follows. Section 2
gives an overview of methods to address the problem of imbal-
ance. In Section 3 we describe the experimental setup. It provides
details about compared methods, datasets and models used for
evaluation. Then, in Section 4 we present the results from our
experiments and compare methods. Finally, Section 5 concludes
the paper.

2. Methods for addressing imbalance

Methods for addressing class imbalance can be divided into
two main categories (He & Garcia, 2009). The first category is data
level methods that operate on training set and change its class
distribution. They aim to alter dataset in order to make standard
training algorithms work. The other category covers classifier (al-
gorithmic) levelmethods. Thesemethods keep the training dataset
unchanged and adjust training or inference algorithms. Moreover,
methods that combine the two categories are available. In this
sectionwe give an overview of commonly used approaches in both
classical machine learning models and deep neural networks.

2.1. Data level methods

Oversampling. One of the most commonly used method in deep
learning (Haixiang et al., 2016; Jaccard, Rogers, Morton, & Griffin,
2016; Janowczyk & Madabhushi, 2016; Levi & Hassner, 2015).
The basic version of it is called random minority oversampling,
which simply replicates randomly selected samples fromminority
classes. It has been shown that oversampling is effective, yet it
can lead to overfitting (Chawla, Bowyer, Hall, & Kegelmeyer, 2002;
Wang, Makond, Chen, & Wang, 2014). A more advanced sampling
method that aims to overcome this issue is SMOTE (Chawla et
al., 2002). It augments artificial examples created by interpolating
neighboring data points. Some extensions of this technique were

proposed, for example focusing only on examples near the bound-
ary between classes (Han, Wang, & Mao, 2005). Another type of
oversampling approach uses data preprocessing to perform more
informed oversampling. Cluster-based oversampling first clusters
the dataset and then oversamples each cluster separately (Jo &
Japkowicz, 2004). This way it reduces both between-class and
within-class imbalance. DataBoost-IM, on the other hand, identi-
fies difficult examples with boosting preprocessing and uses them
to generate synthetic data (Guo & Viktor, 2004). An oversampling
approach specific to neural networks optimized with stochastic
gradient descent is class-aware sampling (Shen, Lin, & Huang,
2016). Themain idea is to ensure uniform class distribution of each
mini-batch and control the selection of examples from each class.

Undersampling. Another popular method (Haixiang et al., 2016)
that results in having the same number of examples in each class.
However, as opposed to oversampling, examples are removed ran-
domly frommajority classes until all classes have the samenumber
of examples. While it might not appear intuitive, there is some
evidence that in some situations undersampling can be preferable
to oversampling (Drummond, Holte, et al., 2003). A significant
disadvantage of thismethod is that it discards a portion of available
data. To overcome this shortcoming, some modifications were
introduced that more carefully select examples to be removed.
E.g. one-sided selection identifies redundant examples close to the
boundary between classes (Kubat, Matwin, et al., 1997). A more
general approach than undersampling is data decontamination
that can involve relabeling of some examples (Barandela, Rangel,
Sánchez, & Ferri, 2003; Koplowitz & Brown, 1981).

2.2. Classifier level methods

Thresholding. Also known as threshold moving or post scaling,
adjusts the decision threshold of a classifier. It is applied in the test
phase and involves changing the output class probabilities. There
are many ways in which the network outputs can be adjusted. In
general, the threshold can be set to minimize arbitrary criterion
using an optimization algorithm (Lawrence et al., 1998). However,
the most basic version simply compensates for prior class proba-
bilities (Richard & Lippmann, 1991). These are estimated for each
class by its frequency in the imbalanced dataset before sampling
is applied. It was shown that neural networks estimate Bayesian a
posteriori probabilities (Richard & Lippmann, 1991). That is, for a
given datapoint x, their output for class i implicitly corresponds to

yi(x) = p(i|x) =
p(i) · p(x|i)

p(x)
.

Therefore, correct class probabilities can be obtained by dividing
the network output for each class by its estimated prior probability
p(i) =

|i|∑
k|k|

, where |i| denotes the number of unique examples in
class i.

Cost sensitive learning. This method assigns different cost to mis-
classification of examples from different classes (Elkan, 2001).
With respect to neural networks it can be implemented in various
ways. One approach is thresholdmoving (Zhou & Liu, 2006) or post
scaling (Lawrence et al., 1998) that is applied in the inference phase
after the classifier is already trained. Similar strategy is to adapt
the output of the network and also use it in the backward pass of
backpropagation algorithm (Kukar, Kononenko, et al., 1998). An-
other adaptation of neural network to be cost sensitive is tomodify
the learning rate such that higher cost examples contribute more
to the update of weights. And finally we can train the network by
minimizing themisclassification cost instead of standard loss func-
tion (Kukar et al., 1998). The results of this approach are equivalent
to oversampling (Chung et al., 2015; Zhou & Liu, 2006) described
above and therefore this method will not be implemented in our
study.
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Fig. 1. Example distributions of imbalanced set together with corresponding values of parameters ρ and µ for step imbalance (a–b) and ρ for linear imbalance (c).

One-class classification. In the context of neural networks it is usu-
ally called novelty detection. This is a concept learning technique
that recognizes positive instances rather than discriminating be-
tween two classes. Autoencoders used for this purpose are trained
to perform autoassociative mapping, i.e. identity function. Then,
the classification of a new example is made based on a recon-
struction error between the input and output patterns, e.g. ab-
solute error, squared sum of errors, Euclidean or Mahalanobis
distance (Japkowicz, Hanson, & Gluck, 2000; Japkowicz, Myers,
Gluck, et al., 1995; Sohn,Worden, & Farrar, 2001). This method has
proved to work well for extremely high imbalance when classifi-
cation problem turns into anomaly detection (Lee & Cho, 2006).

Hybrid of methods. This is an approach that combines multiple
techniques from one or both abovementioned categories. Widely
used example is ensembling. It can be viewed as a wrapper to
othermethods. EasyEnsemble and BalanceCascade aremethods that
train a committee of classifiers on undersampled subsets (Liu, Wu,
& Zhou, 2009). SMOTEBoost, on the other hand, is a combination
of boosting and SMOTE oversampling (Chawla, Lazarevic, Hall, &
Bowyer, 2003). Recently introduced and successfully applied to
CNN training for brain tumor segmentation, is two-phase training
(Havaei et al., 2017). Even though the task was image segmenta-
tion, it was approached as a pixel level classification. The method
involves network pre-training on balanced dataset and then fine-
tuning the last output layer before softmax on the original, imbal-
anced data.

3. Experiments

3.1. Forms of imbalance

Class imbalance can takemany forms particularly in the context
of multiclass classification, which is typical in CNNs. In some prob-
lems only one classmight be underrepresented or overrepresented
and in other every class will have a different number of examples.
In this studywe define and investigate two types of imbalance that
we believe are representatives of most of the real-world cases.

The first type is step imbalance. In step imbalance, the number
of examples is equal within minority classes and equal within
majority classes but differs between the majority and minority
classes. This type of imbalance is characterized by two parameters.
One is the fraction of minority classes defined by

µ =
|{i ∈ {1, . . . ,N} : Ci is minority}|

N
, (1)

where Ci is a set of examples in class i and N is the total number
of classes. The other parameter is a ratio between the number
of examples in majority classes and the number of examples in
minority classes defined as follows.

ρ =
maxi{|Ci|}

mini{|Ci|}
(2)

An example of this type of imbalance is the situation when among
the total of 10 classes, 5 of them have 500 training examples and
another 5 have 5000. In this case ρ = 10 and µ = 0.5, as shown in
Fig. 1a. A dataset with the same number of examples in total that
has smaller imbalance ratio, corresponding to parameter ρ = 2,
but more classes being minority, µ = 0.9, is presented in Fig. 1b.

The second type of imbalance we call linear imbalance. We
define it with one parameter that is a ratio between the maximum
and minimum number of examples among all classes, as in Eq. (2)
for imbalance ratio in step imbalance. However, the number of
examples in the remaining classes is interpolated linearly such that
the difference between consecutive pairs of classes is constant. An
example of linear imbalance distribution with ρ = 10 is shown in
Fig. 1c.

3.2. Methods of addressing imbalance compared in this study

In total, we examine seven methods to handle CNN training on
a dataset with class imbalance which cover most of the commonly
used approaches in the context of deep learning:

1. Randomminority oversampling
2. Randommajority undersampling
3. Two-phase training with pre-training on randomly over-

sampled dataset
4. Two-phase training with pre-training on randomly under-

sampled dataset
5. Thresholding with prior class probabilities
6. Oversampling with thresholding
7. Undersampling with thresholding

We examine two variants of two-phase training method. One
on oversampled and the other on undersampled dataset. For the
second phase, we keep the same hyperparameters and learning
rate decay policy as in the first phase. Only the base learning rate
from the first phase is multiplied by the factor of 10−1. Regarding
thresholding, this method originally uses the imbalanced training
set to train a neural network. We, in addition, combine it with
oversampling and undersampling.

Selected methods are representative of the available
approaches. Sampling can be used to explicitly incorporate cost
of the examples by their appearance. It makes them one of many
implementations of cost-sensitive learning (Zhou & Liu, 2006).
Thresholding is another way of applying cost-sensitiveness by
moving the output threshold such that higher cost examples are
harder to misclassify. Ensemble methods require training of mul-
tiple classifiers. Because of considerable time needed to train deep
models, it is often not practical and may be even infeasible to train
multiple deep neural networks. One-class methods have a very
limited application to datasets with extremely high imbalance.
Moreover, they are applied to anomaly detection problem that is
beyond the scope of our study.
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Table 1
Summary of the used datasets. The number of images per class refers to the perfectly balanced subsets used for exper-
iments. Provided image dimensions for ImageNet are given after rescaling.

Dataset Image dimensions No. classes Images per class CNN model

Width Height Depth Training Test

MNIST 28 28 1 10 5000 1000 LeNet-5
CIFAR-10 32 32 3 10 5000 1000 All-CNN
ILSVRC-2012 ≥ 256 ≥ 256 3 1000 1000 50 ResNet-10

Table 2
Architecture of LeNet-5 CNN used in MNIST experiments.

Layer Data dimensions Kernel size Stride

Width Height Depth

Input 28 28 1 – –
Convolution 24 24 20 5 1
Max pooling 12 12 20 2 2
Convolution 8 8 50 5 1
Max pooling 4 4 50 2 2
Fully connected 1 1 500 – –
ReLU 1 1 500 – –
Fully connected 1 1 10 – –
Softmax 1 1 10 – –

Importantly, we focused on methods that are widely used and
relatively straightforward to implement as our aim is to draw
conclusions that will be practical and serve as a guidance to a large
number of deep learning researchers and engineers.

3.3. Datasets and models

In our study, we used three benchmark datasets:MNIST (LeCun,
Bottou, Bengio, & Haffner, 1998), CIFAR-10 (Krizhevsky & Hin-
ton, 2009) and ImageNet Large Scale Visual Recognition Challenge
(ILSVRC) 2012 (Russakovsky et al., 2015). All of them are provided
with a split on training and test set that are both labeled. For each
dataset we choose different model with a set of hyperparameters
used for its training that is known to perform well based on the
literature. Datasets together with their corresponding models are
of increasing complexity. This allows us to draw some conclusions
on simple task and then verify how they scale to more complex
ones.

All networks for the same dataset were trained with equal
number of iterations. It means that the number of epochs differs
between the imbalanced versions of dataset. This way we keep
the number of weights’ updates constant. Also, all networks were
trained from a random initialization of weights and no pretraining
was applied. An overview of some information about the datasets
and their correspondingmodels is given in Table 1. All experiments
were implemented in the deep learning framework Caffe (Jia et al.,
2014).

3.3.1. MNIST
MNIST is considered simple and solved problem that involves

digits’ images classification. The dataset consists of grayscale im-
ages of size 28 × 28. There are ten classes corresponding to digits
from 0 to 9. The number of examples per class in the original
training dataset ranges from5421 in class 5 to 6742 in class 1. In ar-
tificially imbalanced versions we uniformly at random subsample
each class to contain no more than 5000 examples.

The CNNmodel that we use for MNIST is the modern version of
LeNet-5 (LeCun et al., 1998). The network architecture is presented
in Table 2. All networks for this dataset were trained for 10000
iterations. Optimization algorithm is stochastic gradient descent
(SGD)withmomentumvalue ofµ = 0.9 (Qian, 1999). The learning
rate decay policy is defined as ηt = η0 · (1 + γ · t)−α , where η0 =

0.01 is a base learning rate, γ = 0.0001 and α = 0.75 are decay

parameters and t is the current iteration. Furthermore, we used a
batch size of 64 and a weight decay value of λ = 0.0005. Network
weights were initialized randomly with uniform distribution and
Xavier variance (Glorot & Bengio, 2010) whereas the biases were
initialized with zero. No data augmentation was used. Test error of
themodel trained as described above on the originalMNIST dataset
was below 1%.

Experiments on MNIST dataset are performed on the following
imbalance parameters space. For linear imbalance we test values
of ρ ∈ {10, 25, 50, 100, 250, 500, 1000, 2500, 5000}. For step
imbalance the set of ρ values is the same and for each we use all
possible number ofminority classes from1 to 9,which corresponds
to µ ∈ {0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9}. The experiment
for each combination of parameters is repeated 50 times. Every
time the subset of minority classes is randomized. This way, we
have created 4050 artificially imbalanced training sets for step
imbalance and 450 for linear imbalance. As we have evaluated four
methods that require training a model, the total number of trained
networks, including baseline, is 22 500.

3.3.2. CIFAR-10
CIFAR-10 is a significantly more complex image classification

problem than MNIST. It contains 32 × 32 color images with ten
classes of natural objects. It does not have any natural imbalance at
all. There are exactly 5000 training and 1000 test examples in each
class. We do not use any data augmentation but follow standard
preprocessing comprising global contrast normalization and ZCA
whitening (Goodfellow, Warde-Farley, Mirza, Courville, & Bengio,
2013).

For CIFAR-10 experiments we use one of the best performing
type of CNN model on this dataset, i.e. All-CNN (Springenberg,
Dosovitskiy, Brox, & Riedmiller, 2014). The network architecture
is presented in Table 3. The networks were trained for 70000
iterations using SGD with momentum µ = 0.9. The base learning
rate was multiplied by a fixed multiplier of 0.1 after 40000, 50000
and 60000 iterations. The number of examples in a batch was 256
and a weight decay value was λ = 0.001. Network weights were
initialized with Xavier procedure and the biases set to zero. Test
error of themodel trained as described above on the original CIFAR-
10 dataset was 9.75%.

We have found the network training to be quite sensitive to
initialization and the choice of base learning rate. Sometimes the
network gets stuck in a very poor local minimum. Also, for more
imbalanced datasets the training required lower base learning rate
to train at all. Therefore, for each case we were searching for the
best one from the fixed set η0 ∈ {0.05, 0.005, 0.0005, 0.00005}.
Similar procedure was used by the authors of the model archi-
tecture (Springenberg et al., 2014). Moreover, each training was
repeated twice on the same dataset. For a particular method and
imbalanced dataset, we pick the model with the best score on the
test set over all eight runs.

The network architecture does not have any fully connected
layers. Therefore, during the fine-tuning in two-phase training
method we update the weights of two last convolutional layers
with kernels of size 1.

The imbalance parameters space used in CIFAR-10 experiments
is considerably sparser than the one used for MNIST due to the
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Table 3
Architecture of All-CNN used in CIFAR-10 experiments.

Layer Data dimensions Kernel size Stride Padding

Width Height Depth

Input 32 32 3 – – –
Dropout (0.2) 32 32 3 – – –
2×(Convolution + ReLU) 32 32 96 3 1 1
Convolution + ReLU 16 16 96 3 2 1
Dropout (0.5) 16 16 96 – – –
2×(Convolution + ReLU) 16 16 192 3 1 1
Convolution + ReLU 8 8 192 3 2 1
Dropout (0.5) 8 8 192 – – –
Convolution + ReLU 6 6 192 3 1 0
Convolution + ReLU 6 6 192 1 1 0
Convolution + ReLU 6 6 10 1 1 0
Average Pooling 1 1 10 6 – –
Softmax 1 1 10 – – –

Fig. 2. Architecture of a single residual block in ResNet used in ILSVRC-2012 experiments.

significantly longer time required to train one network. The set
of tested values was narrowed to make the experiment run in a
reasonable time. For linear and step imbalance, we test values of
ρ ∈ {2, 10, 20, 50}. In step imbalance, for each value of ρ, the set of
values of parameter µ was µ ∈ {0.2, 0.5, 0.8}, which corresponds
to having two, five and eightminority classes, respectively. And for
all the cases, the classes chosen to be minority were the ones with
the lowest label value. It means that for a fixed number of minority
classes the same classes were always picked as minority. Also, all
of them were included in a larger set of minority classes. In total
we trained 640 networks on this dataset.

3.3.3. ImageNet
For evaluation we use a ILSVRC-2012 competition subset of

ImageNet, widely used as a benchmark to compare classifiers’
performance. The number of examples in majority classes was
reduced from 1200 to 1000. Classes with less than 1000 cases
were always chosen as aminority ones for imbalanced subsets. The
only data preprocessing applied is resizing such that the smaller
dimension is 256 pixels long and the aspect ratio is preserved.
During training, as input we use a randomly cropped 224 × 224
pixel square patch and a single centered crop in a test phase.
Moreover, during training we randomly mirror images, but there
is no color, scale or aspect ratio augmentation.

Amodel architecture employed for this dataset is ResNet-10 (Si-
mon, Rodner, & Denzler, 2016), i.e. a residual network (He, Zhang,
Ren, & Sun, 2016) with batch normalization layers that are known
to accelerate deep networks training (Ioffe & Szegedy, 2015). It
consists of four residual blocks that give us nine convolutional
layers and one fully connected. The first residual block outputs data
tensor of depth 64 and then each one increases it by a factor of
two. Fully connected layer outputs 1000 values to softmax that
transforms them to class probabilities. The architecture of one
residual block is presented in Fig. 2.

The networks were trained for 320000 iterations using SGD
with momentum µ = 0.9. The base learning rate is set to η0 =

0.1 and decays linearly to 0 in the last iteration. The number of
examples in a batch was 256 and a weight decay λ = 0.0001.
Network weights were initialized with Kaiming (also known as
MSRA) initialization procedure (He, Zhang, Ren, & Sun, 2015). Top-
1 test error of the model trained as described above on the original

ILSVRC-2012 dataset was 62.56% and 99.50 multi-class ROC AUC
for a single centered crop.

We have chosen relatively small ResNet for the sake of faster
training but without loss of generality.1 We test only one case
of small and two cases of large step imbalance and run it on the
baseline, undersampling and oversampling methods. Specifically,
all three step imbalanced subsets are definedwithµ = 0.1, ρ = 10,
µ = 0.8, ρ = 50 and µ = 0.9, ρ = 100. They correspond to 100
minority classes with imbalance ratio of 10, 800 minority classes
with imbalance of 50, and 900 minority classes with imbalance
ratio of 100, respectively. Moreover, for the highest imbalance, we
train three networks for each method with randomized selection
of minority classes and subsampled set of examples in each class.
This is done in order to estimate variability in performance of
methods. In total, this gives us 15 ResNet-10 networks trained on
five artificially imbalanced subsets of ILSVRC-2012.

3.4. Evaluation metrics and testing

The metric that is most widely used to evaluate a classifier
performance in the context of multiclass classification with CNNs
is overall accuracy which is the proportion of test examples that
were correctly classified. However, it has some significant and long
acknowledged limitations, particularly in the context of imbal-
anced datasets (Chawla, 2005). Specifically, when the test set is
imbalanced, accuracywill favor classes that are overrepresented in
some cases leading to highly misleading assessment. An example
of this is a situation when the majority class represents 99% of
all cases and the classifier assigns the label of the majority class
to all test cases. A misleading accuracy of 99% will be assigned to
a classifier that has a very limited use. Another issue might arise
when the test set is balanced and a training set is imbalanced. This
might result in a situation when a decision threshold is moved
to reflect the estimated class prior probabilities and cause a low
accuracy measure in the test set while the true discriminative
power of the classifier does not change.

Ameasure that addresses these issues is area under the receiver
operating characteristic curve (ROCAUC) (Bradley, 1997)which is a

1 It takes five days to train one ResNet-10 network on Nvidia GTX 1070 GPU.
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Fig. 3. Comparison of methods with respect to multi-class ROC AUC on MNIST (a–c) and CIFAR-10 (d–f) for step imbalancewith fixed number of minority classes.

plot of the false positive rate to the true positive rate for all possible
prediction thresholds. We used a specific implementation of the
ROC AUC available in scikit-learn python package (Pedregosa et al.,
2011). It calculates sensitivities and specificities at all thresholds
defined by the responses of the classifier in the test set followed
by the AUC calculation using the trapezoid rule. ROC AUC is a
well-studied and sound measure of discrimination (Ling, Huang, &
Zhang, 2003) and has been widely used as an evaluation metric for
classifiers. ROC has also been used to compare performance of clas-
sifiers trained on imbalanced datasets (Maloof, 2003; Mazurowski
et al., 2008). Since the basic version of ROC is only suitable for bi-
nary classification, we use a multi-class modification of it (Provost
& Domingos, 2003). The multi-class ROC is calculated by taking
the average of AUCs obtained independently for each class for the
binary classification task of distinguishing a given class from all the
other classes.

Test set of all used datasets has equal number of examples in
each class. Usually, it is assumed that the class distribution of a
test set follows the one of a training set. We do not change a test
set to match artificially imbalanced training set. The reason is that
the score achieved by each classifier on the same test set is more
comparable and the largest number of cases in each of the classes
provides the most accurate performance estimation.

4. Results

4.1. Effects of class imbalance on classification performance and com-
parison of methods to address imbalance

The results showing the impact of class imbalance on classi-
fication performance and comparison of methods for addressing
imbalance are shown in Figs. 3 and 4. Fig. 3 shows the results with
respect to multi-class ROC AUC for a fixed number of minority
classes on MNIST and CIFAR-10. Fig. 4 presents the result from the

perspective of fixed ratio of imbalance, i.e. parameter ρ, for the
same two datasets.

Regarding the effect of class imbalance on classification per-
formance, we observed the following. First, the deterioration of
performance due to class imbalance is substantial. As expected,
the increasing ratio of examples between majority and minority
classes as well as the number of minority classes had a negative
effect on performance of the resulting classifiers. Furthermore, by
comparing the results fromMNIST and CIFAR-10 we observed that
the effect of imbalance is significantly stronger for the task with
higher complexity. A similar drop in performance for MNIST and
CIFAR-10 corresponded to approximately 100 times stronger level
of imbalance in the MNIST dataset.

Regarding performance of different methods for addressing
imbalance, in almost all of the situations oversampling emerged
as the best method. It also showed notable improvement of per-
formance over the baseline (i.e. do-nothing strategy) in majority
of the situations and never showed a considerable decrease in
performance for the two datasets analyzed in this section making
it a clear recommendation for tasks similar toMNIST and CIFAR-10.

Undersampling showed a generally poor performance. In a large
number of analyzed scenarios undersampling showed decrease
in performance as compared to the baseline. In scenarios with a
large proportion of minority classes undersampling showed some
improvement over the baseline but never a notable advantage over
oversampling (Fig. 3).

For a fixed imbalance ratio undersampling is always trained
on the subset of equal size. As a result, its performance does not
change with the number of minority classes. For both datasets and
each case of imbalance ratio, the gap between undersampling and
oversampling is the biggest for smaller number of minority classes
and decreases with the number of minority classes, as shown in
Fig. 4. This is expected since with all classes being minority these
two methods become equivalent.
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Fig. 4. Comparison of methods with respect to multi-class ROC AUC on MNIST (a–c) and CIFAR-10 (d–f) for step imbalancewith fixed imbalance ratio.

Fig. 5. Comparison of methods with respect to multi-class ROC AUC for linear imbalance.

Two-phase training methods with both undersampling and
oversampling tend to perform between the baseline and their
corresponding method (undersampling or oversampling). If the
baseline is better than one of these methods, fine-tuning improves
the original method. Otherwise, performance deteriorates. How-
ever, if the baseline is better, there is still no gain from using two-
phase training method. As oversampling is almost always better
than the baseline, fine-tuning always gives lower score.

The variability of patterns, visual structures, and objects in
CIFAR-10 is considerably higher than in MNIST. For this reason,
we run the step imbalance experiment three times on a reshuffled
stratified training and test split to validate our results. Additional
results are available in Appendix A.

In Fig. 5 we show the results for linear imbalance on MNIST and
CIFAR-10 datasets. The highest possible linear imbalance ratio for
MNIST dataset is 5 000, whichmeans only one example in themost
underrepresented class. However, even in this case the decrease
in performance according to multi-class ROC AUC score for the

baseline model is not significant, as shown in Fig. 5a. Nevertheless,
oversampling improves the score on both datasets and for all
tested values of ρ, whereas the score for undersampling decreases
approximately linearly with imbalance ratio.

4.2. Results on ImageNet dataset

The results from experiments performed on ImageNet (ILSVRC-
2012) dataset confirm the impact of imbalance on classifier’s per-
formance. Table 4 compares methods with respect to multi-class
ROC AUC. The drop in performance for the largest tested imbalance
was from 99 to 90, in terms of multi-class ROC AUC. The results
confirm that the oversampling approach performs consistently
better than undersampling approach across all scenarios. A small
decrease in performance as compared to baseline was observed
for oversampling for extreme imbalances. Please note, however,
that these results should be treated with caution and not as strong
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Table 4
Comparison of results on ImageNet with respect to multi-class ROC AUC.

Method µ = 0.1, ρ = 10 µ = 0.8, ρ = 50 µ = 0.9, ρ = 100

Baseline 99.41 96.31 90.74 90.46 90.05
Oversampling 99.35 95.06 88.38 88.39 88.17
Undersampling 96.85 94.98 88.35 84.08 83.74

Fig. 6. Comparison of methods with respect to accuracy on MNIST (a–c) and CIFAR-10 (d–f) for step imbalancewith fixed number of minority classes.

evidence that oversampling is inferior for highly complex tasks
with extreme imbalance. The absolute difference in performance
between three runs with respect to multi-class ROC AUC was even
higher than 4 (for undersampling). Therefore, differences of 1–2
might be due to variability of results between different runs of
neural networks.Moreover, the highest tested imbalanced training
set was only about 10% of the original ILSVRC-2012 introducing
confounding issues such as the optimal training hyperparameters
for this significantly changed dataset. Therefore, while these re-
sults indicate that caution should be taken when any sampling
technique is applied to highly complex tasks with extreme im-
balances, it needs a more extensive study devoted to this specific
issue.

4.3. Separation of effects from reduced number of examples and class
imbalance

An important question that needs to be considered in the con-
text of our study is whether the decrease in performance for im-
balanced datasets is merely caused by the fact that our imbalanced
datasets simply had fewer training examples or is it truly caused
by the fact that the datasets are imbalanced.

First, we notice that oversampling method uses the same
amount of data as the baseline. It only eliminates the imbalance
which is enough to improve the performance in almost all the
cases. Still, it does not reach the performance of a classifier trained

on the original dataset. This is an indication that the effect of
imbalance is not trivial.

Second, for some cases undersampling, which reduces the total
number of cases performs better than the baseline (see Figs. 3c
and 3f). Moreover, there are even cases when undersampling can
perform on a par with oversampling. It means that, between two
samplingmethods that eliminate imbalance, even using fewer data
can be comparable.

In addition, for the same value of parameter ρ we have equal
number of examples in the training set for linear imbalance and
step imbalance with µ = 0.5, which corresponds to half of the
classes being minority. The drop in performance is much higher
for step imbalance. This additionally demonstrates that not only the
total number of examplesmatters but also its distribution between
classes.

4.4. Improving accuracy score with multi-class thresholding

While our focus is on ROC AUC, we also provide the evaluation
of the methods based on overall accuracy measure with results
on step imbalance shown in Fig. 6. As explained in Section 3.4,
accuracy has some known limitations and in some scenarios does
not reflect the discriminative power of a classifier but rather the
prevalence of classes in the training or test set. Nevertheless, it is
still commonly used evaluation score (Haixiang et al., 2016) and
therefore we provide some results according to this metric.
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Fig. 7. Comparison of oversampling and undersampling to reduced imbalance ratios on MNIST with original imbalance of 1000.

Fig. 8. Comparison of networks convergence between baseline, oversampling and undersampling. Training on CIFAR-10 step imbalanced with 5 minority classes and
imbalance ratio of 50.

Our results show that thresholding is an appropriate approach
to take to offset the prior probabilities of different classes learned
by a network based on imbalanced datasets and provided an im-
provement in overall accuracy. In general, thresholding worked
particularly well when applied jointly with oversampling.

Please note that thresholding does not have an actual effect on
the ability of the classifier to discriminate between a given class
from another but rather helps to find a threshold on the network
output that guarantees a large number of correctly classified cases.
In terms of ROC, multiplying a decision variable by any positive
number does not change the area under the ROC curve. However,
finding an optimal operating point on the ROC curve is important
when the overall number of correctly classified cases is of interest.

4.5. Undersampling and oversampling to smaller imbalance ratio

The default version of oversampling is to increase the num-
ber of cases in the minority classes so that the number matches
the majority classes. Similarly, the default of undersampling is to
decrease the number of cases in the majority classes to match
the minority classes. However, a more moderate version of these
algorithms could be applied. For the case of MNIST with imbalance
ratio of 1 000 we have tried to gradually decrease the imbalance
with oversampling and undersampling. The results are shown in
Fig. 7.

The results show that the default version of oversampling was
always the best. Any reduction of imbalance improves the score
regardless of the number of minority classes, as shown in Fig. 7a.
For undersampling, in some cases of moderate number of minority
classes, intermediate levels of undersampling performed better
than both full undersampling and the baseline.

Moreover, comparing undersampling and oversampling to re-
duced level of imbalance, we can notice that for each case of
oversampling there is a level towhichwe can apply undersampling

and achieve equivalent performance. However, that level is not
known a priori rendering oversampling still the method of choice.

4.6. Generalization of sampling methods

In some cases undersampling and oversampling perform sim-
ilarly. In those cases, one would probably prefer the model that
generalizes better. For classical machine learning models it was
shown that oversampling can cause overfitting, especially for mi-
nority classes (Chawla et al., 2002). As we repeat small number
of examples multiple times, the trained model fits them too well.
Thus, according to this prior knowledge undersampling would be
a better choice. The results from our experiments do not confirm
this conclusion for convolutional neural networks.

In Fig. 8 we compare the convergence of baseline and sampling
methods for CIFAR-10 experiments with respect to accuracy. Both
oversampling and undersamplingmethods helped to train a better
classifier in terms of performance and generalization. They also
made training more stable. As opposed to traditional machine
learning methods, in this case oversampling did not lead to over-
fitting. The gap between accuracy on the training and test set does
not increasewith iterations for oversampling, Fig. 8b. Furthermore,
we validated this phenomenon inmultiple additional scenarios for
all analyzed datasets and have not observed overfitting in any of
these scenarios. The additional plots are included in Appendix B.

5. Conclusions

In this study, we examined the impact of class imbalance on
classification performance of convolutional neural networks and
investigated the effectiveness of different methods of addressing
the issue. We defined and parametrized two representative types
of imbalance, i.e. step and linear. Then we subsampled MNIST,
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CIFAR-10 and ImageNet (ILSVRC-2012) datasets to make them ar-
tificially imbalanced.We have compared common samplingmeth-
ods, basic thresholding, and two-phase training.

The observations from our experiments related to the class
imbalance are as follows.

• The effect of class imbalance on classification performance
is detrimental.

• The influence of imbalance on classification performance
increases with the scale of a task.

• The impact of imbalance cannot be explained simply by the
lower total number of training cases and depends on the
distribution of examples among classes.

Regarding the choice of a method to handle CNN training on
imbalanced dataset we conclude the following.

• The method that in most of the cases outperforms all others
with respect to multi-class ROC AUC was oversampling.

• For extreme ratio of imbalance and large portion of classes
beingminority, undersampling performs on a parwith over-
sampling. If training time is an issue, undersampling is a
better choice in such a scenario since it dramatically reduces
the size of the training set.

• To achieve the best accuracy, one should apply thresholding
to compensate for prior class probabilities. A combination
of thresholding with baseline and oversampling is the most
preferable, whereas it should not be combined with under-
sampling.

• Oversampling should be applied to the level that completely
eliminates the imbalance, whereas the optimal undersam-
pling ratio depends on the extent of imbalance. The higher
a fraction of minority classes in the imbalanced training set,
the more imbalance ratio should be reduced.

• Oversampling does not cause overfitting of convolutional
neural networks, as opposed to some classical machine
learning models.

Appendix A. Supplementary data

Supplementary material related to this article can be found
online at https://doi.org/10.1016/j.neunet.2018.07.011.
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A B S T R A C T

Recent analysis identified distinct genomic subtypes of lower-grade glioma tumors which are associated with
shape features. In this study, we propose a fully automatic way to quantify tumor imaging characteristics using
deep learning-based segmentation and test whether these characteristics are predictive of tumor genomic sub-
types.

We used preoperative imaging and genomic data of 110 patients from 5 institutions with lower-grade gliomas
from The Cancer Genome Atlas. Based on automatic deep learning segmentations, we extracted three features
which quantify two-dimensional and three-dimensional characteristics of the tumors. Genomic data for the
analyzed cohort of patients consisted of previously identified genomic clusters based on IDH mutation and 1p/
19q co-deletion, DNA methylation, gene expression, DNA copy number, and microRNA expression. To analyze
the relationship between the imaging features and genomic clusters, we conducted the Fisher exact test for 10
hypotheses for each pair of imaging feature and genomic subtype. To account for multiple hypothesis testing, we
applied a Bonferroni correction. P-values lower than 0.005 were considered statistically significant.

We found the strongest association between RNASeq clusters and the bounding ellipsoid volume ratio
(p < 0.0002) and between RNASeq clusters and margin fluctuation (p < 0.005). In addition, we identified
associations between bounding ellipsoid volume ratio and all tested molecular subtypes (p < 0.02) as well as
between angular standard deviation and RNASeq cluster (p < 0.02). In terms of automatic tumor segmentation
that was used to generate the quantitative image characteristics, our deep learning algorithm achieved a mean
Dice coefficient of 82% which is comparable to human performance.

1. Introduction

Lower-grade gliomas (LGG) are a group of WHO grade II and grade
III brain tumors. As opposed to grade I which are often curable by
surgical resection, grade II and III are infiltrative and tend to recur and
evolve to higher-grade lesion. Predicting patient outcomes based on
histopathological data for these tumors is inaccurate and suffers from
inter-observer variability [1]. One of the promising methods that might
address this issue is defining subtypes of LGG through clustering of
patients based on DNA methylation, gene expression, DNA copy
number, and microRNA expression [1]. It was shown that the clusters
identified in such way are to a large extent in agreement with another
basic molecular subtype based on IDH (IDH1 and IDH2) mutation and
1p/19q co-deletion [1,2]. Patients with tumors from different mole-
cular groups substantially differ in terms of typical course of the disease
and overall survival [3].

A new research direction in cancer, called radiogenomics, aims at
investigating the relationship between tumor genomic characteristics
and medical imaging [4]. Imaging can provide important information
before surgery or in cases when resection is not possible. Very recent
studies in this area have discovered an association of tumor shape
features extracted from MRI with its genomic subtypes [5,6]. However,
the first step when extracting tumor features was the manual segmen-
tation of MRI. Such annotation is costly, time consuming and results in
annotations with high inter-rater variance [7].

Deep learning is a new field of machine learning that is recently
revolutionizing the automated analysis of images [8,9]. There are many
examples of successful applications of deep learning in medical imaging
[10–14] and more specifically in brain MRI segmentation [15]. In re-
cent years, progress in deep learning for automatic brain segmentation
matured to a level that achieves performance of a skilled radiologist
[16]. Most of these efforts are focused on glioblastoma rather than LGG.
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Development of models that yield high quality segmentation of LGG in
brain MRI would potentially allow for automatization of the process of
tumor genomic subtype identification through imaging that is fast, in-
expensive, and free of inter-reader variability.

In this study, we combine the field of deep learning and radio-
genomic and propose a fully automatic algorithm for quantification of
tumor shape and test whether the assessed shape features are prog-
nostic of tumor molecular subtypes. Developing imaging-biomarkers
that could inform of tumor genomics would provide the information to
clinicians sooner in a non-invasive way and in some cases could allow
for better stratification of tumors where resection is not performed. In
this study, we show promise for eventually developing such imaging-
based biomarkers.

The reminder of this paper is organized as follows. Section 2. de-
scribes data used in our study whereas section 3. describes segmenta-
tion model, features used for tumor quantification, and statistical
methods. Then, in section 4. we show results for the segmentation al-
gorithm and prediction of genomic subtypes. In section 5. we discuss
our findings. Finally, sections 6. and 7. are devoted to limitations and
conclusions of the study, respectively.

2. Dataset

2.1. Patient population

The data used in this study was obtained from The Cancer Genome
Atlas (TCGA) and The Cancer Imaging Archive (TCIA). We identified
120 patients from TCGA lower-grade glioma collection (https://
cancergenome.nih.gov/cancersselected/lowergradeglioma) who had
preoperative imaging data available, containing at least a fluid-atte-
nuated inversion recovery (FLAIR) sequence. Ten patients had to be
excluded since they did not have genomic cluster information available.
The final group of 110 patients was from the following 5 institutions:
Thomas Jefferson University (TCGA-CS, 16 patients), Henry Ford
Hospital (TCGA-DU, 45 patients), UNC (TCGA-EZ, 1 patient), Case
Western (TCGA-FG, 14 patients), Case Western – St. Joseph's (TCGA-
HT, 34 patients) from TCGA LGG collection. The complete list of pa-
tients used in this study is included in Online Resource 1.

The entire set of 110 patients was split into 22 non-overlapping
subsets of 5 patients each. This was done for evaluation with cross-
validation.

2.2. Imaging data

Imaging data was obtained from The Cancer Imaging Archive
(https://wiki.cancerimagingarchive.net/display/Public/TCGA-LGG)
which contains the images corresponding to the TCGA patients and is
sponsored by the National Cancer Institute. We used all modalities
when available and only FLAIR in case any other modality was missing.
There were 101 patients with all sequences available, 9 patients with
missing post-contrast sequence, and 6 with missing pre-contrast se-
quence. The complete list of available sequences for each patient is
included in Online Resource 1. The number of slices varied among
patients from 20 to 88. In order to capture the original pattern of tumor
growth, we only analyzed preoperative data. The assessment of tumor
shape was based on FLAIR abnormality since enhancing tumor in LGG
is rare.

A researcher in our laboratory, who was a medical school graduate
with experience in neuroradiology imaging, manually annotated FLAIR
images by drawing an outline of the FLAIR abnormality on each slice to
form training data for the automatic segmentation algorithm. We used
software developed in our laboratory for this purpose. A board eligible
radiologist verified all annotations and modified those that were iden-
tified as incorrect. Dataset of registered images together with manual
segmentation masks for each case used in our study is released and
made publicly available at the following link: https://www.kaggle.
com/mateuszbuda/lgg-mri-segmentation.

2.3. Genomic data

Genomic data used in this study consisted of DNA methylation, gene
expression, DNA copy number, and microRNA expression, as well as
IDH mutation 1p/19q co-deletion measurement. Specifically, in our
analysis we consider six previously identified molecular classifications
of LGG that are known to be correlated with some tumor shape features
[6]:

1 Molecular subtype based on IDH mutation and 1p/19q co-deletion
(three subtypes: IDH mutation-1p/19q co-deletion, IDH mutation-no
1p/19q co-deletion, IDH wild type)

2 RNASeq clusters (4 clusters: R1-R4)
3 DNA methylation clusters (5 clusters: M1-M5)
4 DNA copy number clusters (3 clusters: C1–C3)
5 microRNA expression clusters (4 clusters: mi1-mi4)
6 Cluster of clusters (3 clusters: coc1-coc3)

3. Methods

3.1. Automatic segmentation

Fig. 1 shows the overview of the segmentation algorithm. The
following phases comprise the fully automatic algorithm for obtaining
the segmentation mask: image preprocessing, segmentation, and
post-processing. Then, once the segmentation masks are generated we
extracted shape features that were identified as predictive of molecular
subtypes. The following sections provide details on each of the steps.
Source code of the algorithm described in this section is also available
at the following link: https://github.com/MaciejMazurowski/brain-
segmentation.

3.2. Preprocessing

Images varied significantly between patients in terms of size. The
preprocessing of the image sequences consisted of the following steps:

• Scaling of the images to the common frame of reference.
• Removal of the skull to focus the analysis on the brain region (a.k.a.,

skull stripping).
• Adaptive window and level adjustment based on the image histo-

gram to normalize intensities of tissues between cases.
• Z-score normalization of the entire data set.

The details of all the pre-processing steps are included in the Online
Resource 2.

Fig. 1. A schema showing data processing steps of our system for molecular subtype inference from a sequence of brain MRI.
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3.3. Segmentation

The main segmentation step was performed using a fully convolu-
tional neural network with the U-Net architecture [10] shown in Fig. 2.
It comprises four levels of blocks containing two convolutional layers
with ReLU activation function and one max pooling layer in the en-
coding part and up-convolutional layers instead in the decoding part
[17–21]. Consistent with the U-Net architecture, from the encoding
layers we use skip connections to the corresponding layers in the de-
coding part. They provide a shortcut for gradient flow in shallow layers
during the training phase [22].

Manual segmentation served as a ground truth for training a model
for automatic segmentation. We trained two networks, one for cases
with three sequences available (pre-contrast, FLAIR, and post-contrast)
and the other that used only FLAIR. For the second network, instead of
missing sequences we used neighboring FLAIR slices from both sides of
a slice of interest as additional channels. Since in this scenario the two
sequences, which occupied channel 1 and channel 3 of the input are not
available, we filled these channels with neighboring tumor slices to
provide additional information to the network.

The number of slices containing tumor was considerably lower than
those with only background class present. Therefore, to account for this
fact, we applied oversampling with data augmentation that was proved
to help in training convolutional neural networks [23]. We did it by
having three instances of each tumor slice in our training set. For one
oversampled slice we applied random rotation by 5–15° and for the
other slice we applied random scale by 4%–8%. To further reduce the
imbalance between tumor and non-tumor pixels, we discarded empty
slices that did not contain any brain or other tissue after applying skull
stripping. This step has been undertaken since training a fully con-
volutional neural network with images that do not contain any positive
voxels can be highly detrimental. Please note that a significant majority
of voxels in the abnormal slices are still normal and therefore sufficient
negative data is available for training.

3.4. Post-processing

To further improve the accuracy, we implemented a post-processing
algorithm that removes false positives. Specifically, we extracted all
tumor volumes using connected components algorithm on a three-di-
mensional segmentation mask for each patient. We did it using 6-con-
nected pixels in three dimensions, i.e. neighboring pixels are defined as
being connected along primary axes. Eventually, we included in the
final segmentation mask only the pixels comprising the largest con-
nected tumor volume. This post-processing strategy benefits extraction
of shape features (described in the following section) since they are
sensitive to isolated false positive pixel segmentations.

3.5. Extraction of shape features

We consider three shape features of a segmented tumor that were
identified as important in the context of lower grade glioma radio-
genomic [6]:

Angular standard deviation (ASD) is the average of the radial distance
standard deviations from the centroid of the mass across ten equian-
gular bins in one slice, as described in Ref. [24]. Before calculating the
value of this feature, we normalize radial distances to have mean equal
one. Angular standard deviation of a tumor shape is a quantitative
measure of variation in the tumor margin within relatively small parts
of the tumor. It also captures non-circularity of the tumor, i.e. low value
indicates circle like shape.

Bounding ellipsoid volume ratio (BEVR) is the ratio between the vo-
lume of segmented FLAIR abnormality and its minimum bounding el-
lipsoid. This feature captures the irregularity of the tumor in three di-
mensions. If the tumor fits well into its bounding ellipsoid (high value
of BEVR), it is considered more regular while if more space in the
bounding ellipsoid is unfilled, the shape is considered irregular.

Margin fluctuation (MF) is computed as follows. First, we find the
centroid of the tumor and distances from it to all pixels on the tumor
boundary in one slice. Then, we apply averaging filter of length equal to

Fig. 2. U-Net architecture used for skull stripping and segmentation. Below each layer specification we provide dimensionality of a single example that this layer
outputs.
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10% of the tumor perimeter measured in the number of pixels. Margin
fluctuation is the standard deviation of the difference between values
before and after smoothing, i.e. applying averaging filter. Similarly as
in ASD, radial distances are normalized to have a mean of one. This is
done in order to remove the impact of tumor size on the value of this
feature. Margin fluctuation is a two-dimensional feature that quantifies
the amount of high frequency changes, i.e. smoothness of the tumor
boundary and was previously used for analysis of spiculation in breast
tumors [25,26].

3.6. Statistical analysis

Our hypothesis was that fully automatically-assessed shape features
are predictive of tumor molecular subtypes. Since we considered 6
definitions of molecular subtypes based on genomic assays and multiple
imaging features, we focused our analysis on the relationships between
imaging and genomics that were found significant (with manual tumor
segmentation) in a previous study [6]. Specifically, those were the
following relationships: bounding ellipsoid volume ratio with RNASeq,
miRNA, CNC, and COC, the relationship of Margin fluctuation with
RNASeq, and the relationship of angular standard deviation with IDH/
1p19q, RNASeq, Methylation, CNC, and COC resulting in 10 specific
hypotheses. To assess statistical significance of these associations, we
conducted the Fisher exact test (fisher.test function in R) for each of 10
combinations of imaging and genomics. For the purpose of this test, we
turned each continuous imaging variable value into a number from 1 to
4 based on which quartile of the feature value it fell into. For each of the
imaging and genomic feature combinations, we used only the cases that
had both: imaging and genomic subtype data available.

We conducted a total of 10 statistical tests for each pair of imaging
feature and genomic subtype for our primary hypothesis. To account for
multiple hypothesis testing, we applied a Bonferroni correction. P-va-
lues lower than 0.005 (0.05/10) were considered statistically sig-
nificant for our primary radiogenomics hypotheses.

Additionally, we evaluated performance of the deep learning-based
segmentation itself. We used Dice similarity coefficient [27] as the
evaluation metric which measures the overlap between the segmenta-
tion provided by the algorithm and the manually-annotated gold
standard.

In the evaluation process, we used cross-validation. Specifically, we
divided our entire dataset into 22 subsets, each containing exactly 5
cases. The model training was conducted on the training subsets and
then the model was applied to the test cases. This was repeated 22 times
until each subset served once as the test set. The cases then were pooled
for the analysis as described above.

The number of cases included in the training and test sets (which
determines the number of folds) is a trade-off between computational
cost of training multiple models and having more data to train each of
them. The two extremes of this approach are leave-one-out strategy
which results in one-case folds and the other is 50% split which gives 2
folds. We found folds of 5 patients to be a good balance between a
training set size and computational cost.

4. Results

The patients' characteristics are shown in Table 1. The average pa-
tient age was 47. Fifty six of the patients were women, fifty three were
men, and the gender of one was unknown. The tumors’ characteristics
are provided in Table 2. There were three histological types of tumors:
oligodendroglioma (47), astrocytoma (33), oligoastrocytoma (29), and
one unknown. Grade of the tumors in our data included 51 cases of
grade II, 58 of grade III, and grade of one tumor was unknown.

The results of the radiogenomic analysis are shown in Fig. 3. We
confirmed our primary hypothesis for two pairs of imaging features and
genomic subtype. We found the strongest association between RNASeq
cluster and the bounding ellipsoid volume ratio (p < 0.0002) along

with margin fluctuation (p < 0.005). In addition, we identified con-
siderable correlations for the bounding ellipsoid volume ratio and all
tested molecular subtypes (p < 0.02) as well as for angular standard
deviation and RNASeq cluster (p < 0.02).

In Table 3 we provide ROC AUC scores for the task of discriminating
each RNASeq cluster from all other subtypes based on shape features
extracted from segmentation masks obtained with the deep learning
algorithm and compare them to manual segmentations. We selected
RNASeq cluster since it showed the strongest association with shape
features. In addition, we included ROC AUC based on two demographic
variables, i.e. age and gender. The results show that deep learning was
able to provide tumor segmentations of a quality that allowed for ex-
traction of shape features that match manual segmentations. Specifi-
cally, cluster R2 was distinguished from all other clusters based on
inversed bounding ellipsoid volume ratio with AUC of 0.80 and 0.78 for
deep learning-based and manual segmentations, respectively. In terms
of angular standard deviation, AUC for deep learning was 0.73 and for
manual segmentations was 0.72. The predictive value of demographic
variables for R2 cluster was notably lower with AUC = 0.66 for age and
AUC = 0.50 for gender. A detailed comparison of manual and auto-
matic segmentation for the task of discriminating cluster R2 from all
other clusters with respect to sensitivity, specificity, positive predictive
value, and negative predictive value is given in Online Resource 1.

In terms of tumor segmentation, our deep learning algorithm
achieved mean Dice coefficient of 82% and median Dice coefficient of
85%. For the 101 cases with all sequences available, mean and median
Dice coefficient was the same as for all 110 cases. For the remaining 9
cases segmented based on FLAIR sequence only, mean and median Dice
coefficient was 82% and 88%, respectively. Examples of segmentations
that we obtained alongside with ground truth masks for cases of varying
performance of our segmentation algorithm are presented in Fig. 4. Due
to max pooling layers included in the U-Net architecture which allow
for processing of large volumes on currently available computers, the
automated segmentation is less sensitive to high curvature and

Table 1
Patient characteristic. Age for one patient was missing and
was ignored in the calculation.

Characteristic Patients (N = 110)

Age (years)
Median 47
Range 20–75

Gender
Female 56
Male 53
Not available 1

Table 2
Tumor characteristic.

Characteristic Cases (N = 110)

Histologic type and grade
Astrocytoma
Grade II 8
Grade III 25
Oligoastrocytoma
Grade II 14
Grade III 15
Oligodendroglioma
Grade II 29
Grade III 18
Not available 1

IDH-1p/19q subtype
IDH mutation, 1p/19q co-deletion 26
IDH mutation, no 1p/19q co-deletion 56
IDH wild type 25
Not available 3
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Fig. 3. Box and whisker plots demonstrating the relationship between tested genomic clusters and imaging features that quantify tumor shape.
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sulcation and therefore, the produced masks tend to be more smooth
comparing to manual segmentations.

Given small sample size, we additionally assessed the stability and
performance of our segmentation model using predictions generated for
noisy input. For each input image, we applied additive gaussian noise
with zero mean and standard deviation equal to 10% and 20% of
standard deviation computed on the training data. In the first case with
10% noise level, mean Dice coefficient decreased to 81%. After in-
creasing noise level to 20%, mean Dice coefficient further decreased to
79%. In both cases, median Dice coefficient was 85%.

5. Discussion

In this study, we were able to demonstrate that fully automatically-
assessed imaging features of low grade gliomas are associated with
tumor molecular subtypes established using genomic analysis. The
strength of these associations was shown to be moderate. Deep learning
algorithms were used to segment the tumors.

Using imaging to predict tumor genomics is of very high importance
and if accurate models are developed, it could be incorporated in the
current treatment paradigm in a variety of ways. In the simplest sce-
nario, if the model is highly accurate, it could simply replace the
genomic analysis altogether. Current state of the art radiogenomic
models, such as the one shown in this paper which represents moderate
predictive performance, do not yet justify such substitution. However,
there are other ways in which even models with moderate performance
could contribute valuable information. The imaging data is available
early in the process and therefore approximate assessment of tumor

biology before the surgery could still be of help in guiding the next
steps. The approximate imaging surrogate of molecular subtype would
also be of particular use for patients that do not immediately undergo
surgical excision of the tumor. In such case, in the absence of tissue
analysis, the approximate classification by imaging could be of very
high value since genomic subtypes are highly correlated with patient
outcomes. If biopsy results are available for a tumor that has not been
fully resected, the imaging surrogate of subtype can still be of use given
a potential high intra-tumor heterogeneity of the lesions and therefore a
possibility that a local biopsy does not accurately reflect the overall
genomics of a tumor. Imaging offers a complete view of a tumor.
Finally, even if the overall accuracy is not perfect, it might be possible
to operate at a high positive predictive value or high predictive value
and the surrogate imaging-based models of genomic subtypes could be
still used for triaging patients for genomic tests, even if it is a small
minority of the patients. For example, if based on imaging there is a
high confidence that a tumor is of a particular aggressive subtype, the
patient could be treated accordingly without additional expensive and
invasive genomic testing. If on the other hand the imaging-based
marker has low confidence, then additional genomic test could be or-
dered.

An important step toward accurate and reproducible assessment of
imaging features of lower-grade gliomas is accurate segmentation of the
tumors. While the annotation by radiologists is considered a gold
standard, a considerable inter-observer variability has been docu-
mented for this task. For the whole tumor segmentation of LGG on brain
MRI, Dice coefficient between two expert raters is 84% with standard
deviation of 2% [7]. This demonstrates that our algorithm falls within
acceptable level precision. At the same time, our algorithm provides a
fully reproducible and consistent way of tumor quantification for future
cases.

Automatic segmentation of tumors such as the one showed in this
study has multiple advantages. First, it addresses the inter-observer
variability described above. Since there is only one reader (the com-
puter algorithm), the inter-observer variability is non-existent.
Furthermore, it addresses the problem of intra-observer variability. The
algorithm is deterministic which means that given the same image, the
algorithm will always perform an identical assessment. Finally, appli-
cation of a computer algorithm is inexpensive and fast. The

Table 3
ROC AUCs of shape features and demographic variables for the task of dis-
criminating one RNASeq cluster from all others.

Variable R1 R2 R3 R4

Deep learning ASD 0.26 0.73 0.53 0.47
Deep learning 1/BEVR 0.23 0.80 0.36 0.53
Manual ASD 0.17 0.72 0.48 0.60
Manual 1/BEVR 0.21 0.78 0.36 0.57
Age 0.29 0.66 0.72 0.41
Gender 0.44 0.50 0.58 0.52

Fig. 4. Examples of automatic segmentation for low
(top), moderate (middle), and high (bottom) agree-
ment with ground truth. Their Dice coefficient is
50%, 82% and 95% respectively. In each pair, the
first image shows a heatmap of raw model output
and in the second image blue outline corresponds to
ground truth and red to postprocessed automatic
segmentation output. Images show FLAIR modality
after preprocessing and skull stripping. (For inter-
pretation of the references to colour in this figure
legend, the reader is referred to the Web version of
this article.).
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performance of our segmentation algorithm in terms of the mean Dice
coefficient was 82% which puts it on a par with expert human readers.
This was achieved with the help of deep learning which has demon-
strated similar phenomenal performance in other applications.

Our results show that RNASeq R2 cluster, compared to other clus-
ters, is associated with the tumors of notably higher irregularity of
shape as quantified by bounding ellipsoid volume ratio, angular stan-
dard deviation and margin fluctuation. R2 cluster is in turn linked to
considerably poorer overall survival as compared with R1, R3, and R4
[1]. The same conclusion can be drawn for molecular subtype of IDH
wild type which indicates less favorable prognosis that is close to
glioblastoma prognosis [1]. It is associated with relatively high angular
standard deviation. This is consistent with findings obtained in the
previous study for shape features extracted from manually segmented
tumors [6]. This points out to a conclusion that angular standard de-
viation, margin fluctuation, bounding ellipsoid volume ratio, and po-
tentially other features that measure the irregularity of tumor shape
may be prognostic of patient's outcome.

6. Limitations

This study had limitations. It constitutes only a first step toward
imaging-based surrogates of genomic subtypes. Specifically, only three
imaging features were considered. While these features were selected
based on prior evidence of their effectiveness and therefore are of high
importance, they constitute a small sample of different features that
could be calculated including texture and enhancement of the tumor
and its surroundings. Furthermore, a fairly limited sample size was used
in the study (110 patients) since data that contains comprehensive
genome-wide assays alongside with imaging is still rare. While no se-
parate validation set was available in this study, we utilized a com-
monly used cross-validation technique, which splits the data into
training and test sets to avoid a positive evaluation bias.

Regarding segmentation algorithms, there are many methods for
performing automatic segmentation of brain tumors that could be
considered for comparison and to further improve our results [28,29].
First, regarding general approaches to segmentation, in Ref. [16] deep
learning with sliding-window approach was used. An improvement that
significantly reduces computational complexity is a fully convolutional
neural network which allows for processing entire image in one forward
pass [30,31]. In U-Net architecture, used in our study, additional skip
connections between encoder and decoder parts of the network are used
[10]. Second, regarding network architecture, different types have been
proposed, e.g. ResNet [32], Inception [33], and DenseNet [34], which
were incorporated in segmentation models. Finally, various optimiza-
tion functions for training deep learning segmentation models were
proposed. The most commonly applied is cross-entropy loss, used also
in classification models. However, for highly imbalanced segmentation
tasks, loss functions based on Dice similarity coefficient outperformed
other loss functions in many applications [22,35–37].

7. Conclusions

In conclusion, we demonstrated that features of MRI, extracted in a
fully automatic manner using deep learning algorithms, were associated
with tumor molecular subtypes of lower-grade gliomas determined
using genomic assays. This shows promise for reproducible non-in-
vasive imaging-based surrogates of tumor genomics in brain cancer.
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ORIGINAL RESEARCH

Purpose: To employ deep learning to predict genomic subtypes of lower-grade glioma (LLG) tumors based on their appearance at 
MRI.

Materials and Methods: Imaging data from !e Cancer Imaging Archive and genomic data from !e Cancer Genome Atlas from 110 
patients from "ve institutions with lower-grade gliomas (World Health Organization grade II and III) were used in this study. A convo-
lutional neural network was trained to predict tumor genomic subtype based on the MRI of the tumor. Two di#erent deep learning ap-
proaches were tested: training from random initialization and transfer learning. Deep learning models were pretrained on glioblastoma 
MRI, instead of natural images, to determine if performance was improved for the detection of LGGs. !e models were evaluated us-
ing area under the receiver operating characteristic curve (AUC) with cross-validation. Imaging data and annotations used in this study 
are publicly available.

Results: !e best performing model was based on transfer learning from glioblastoma MRI. It achieved AUC of 0.730 (95% con-
"dence interval [CI]: 0.605, 0.844) for discriminating cluster-of-clusters 2 from others. For the same task, a network trained from 
scratch achieved an AUC of 0.680 (95% CI: 0.538, 0.811), whereas a model pretrained on natural images achieved an AUC of 0.640 
(95% CI: 0.521, 0.763).

Conclusion: !ese "ndings show the potential of utilizing deep learning to identify relationships between cancer imaging and cancer 
genomics in LGGs. However, more accurate models are needed to justify clinical use of such tools, which might be obtained using 
substantially larger training datasets.

Supplemental material is available for this article.

© RSNA, 2020

Lower-grade gliomas (LGGs) are a diverse group of brain 
tumors classi"ed as grade II and III using the World 

Health Organization grading system. Histopathologic 
analysis su#ers from interobserver variability and can be 
inaccurate in predicting patient outcomes (1). Recently, a 
new tumor subtyping scheme was proposed which clusters 
LGGs based on DNA methylation, gene expression, DNA 
copy number, and microRNA expression (1). In particular, 
unsupervised analysis of tumors based on their molecu-
lar pro"les derived from these four platforms resulted in 
a second-level cluster of clusters (CoC) partitioning into 
three distinctive biologic subsets (CoC1 to CoC3). It has 
been shown that the new subtypes are, to a large extent, 
in agreement with more basic subtyping utilizing isocitrate 
dehydrogenase (IDH1 and IDH2) mutation and 1p/19q 
codeletion (1,2). It has been determined that tumors from 
the di#erent molecular groups substantially di#er in terms 
of typical course of the disease and overall survival (3). Spe-
ci"cally, the CoC2 cluster was found to have a strong cor-
relation with wild-type IDH molecular subtype and had an 
overall survival rate similar to that of glioblastoma (GBM).

Radiogenomics is a new direction in cancer research 
that aims to identify relationships between tumor genomic 

characteristics and imaging phenotypes (ie, its presenta-
tion on radiologic images) (4). In addition to extending 
our understanding of the disease in general, radiogenom-
ics might provide actionable information if the genomic 
characteristics of tumors can be predicted prior to invasive 
tissue examination or in cases when resection is risky or im-
possible. Some radiogenomic studies of LGGs have discov-
ered an association of tumor shape features extracted from 
brain MRI with its genomic subtypes (5–7). A shortcom-
ing of the previously proposed method is that the features 
of the image used for the analysis need to be decided a 
priori without knowing which image characteristics might 
be most predictive of tumor genomics. Often a very large 
number of features are extracted, which increases the likeli-
hood of the noisy features obscuring the important ones. 
An alternative, more holistic approach, proposed in this 
study, is based on a supervised deep learning model that 
allows the algorithm to learn which imaging characteristics 
are the most helpful in making the prediction.

In recent years, progress in deep learning has allowed 
for the development of highly accurate models for various 
image-related tasks, even in the presence of limited train-
ing data (8,9). Although neural networks can be trained 
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Imaging Data
We obtained imaging data for our study from !e Cancer Im-
aging Archive (TCIA) sponsored by the National Cancer Insti-
tute, which contains MR images for some of the patients from 
TCGA repository. All 110 patients included in our analysis 
had FLAIR sequences available, which we used for prediction 
of molecular subtypes. !e number of slices in each sequence 
varied from 20 to 88. !e size of images ranged from 256 3 
192 to 512 3 512 pixels. Voxel spatial dimensions ranged from 
0.39 to 1.02 mm and slice thickness was between 2 and 7.5 
mm. All images were saved in 8-bit gray-scale lossless tagged 
image "le format (TIFF). !e characteristics of the imaging 
data are summarized in Table 1. Additional imaging metadata 
for each patient is provided in Appendix E1 (supplement). 
!e FLAIR abnormality for tumors on all images was manu-
ally outlined by a researcher in our laboratory who used an in-
house MATLAB tool developed for this task. !e "nal annota-
tions were approved by a board-eligible radiologist. All imaging 
data (preprocessed and labeled images from the TCGA-LGG 
collection) and annotations used in this study were made avail-
able at the following link: https://www.kaggle.com/mateuszbuda/
lgg-mri-segmentation.

Genomic Data
We used genomic classi"cations developed in a recent pub-
lication (1) de"ning the molecular landscape of LGGs. Ge-
nomic data came from TCGA-LGG collection and were de-
rived based on DNA methylation, gene expression, DNA copy 
number, microRNA expression, and the measurement of IDH 
mutation and 1p/19q codeletion. Speci"cally, in our analysis 
we considered three CoC molecular subtypes: CoC1, CoC2, 
and CoC3. !is subclassi"cation has shown a strong correla-
tion with imaging data using handcrafted tumor shape features 
in a previous study (6). Our data contained 55 cases for cluster 
CoC1, 25 cases for CoC2, and 30 cases for CoC3.

Deep Learning for Prediction of Molecular Subtypes Based 
on MR Images

Preparation of the data for training of neural networks.—To 
obtain comparable results between all tested deep learning 
methods, we applied the same preprocessing of images across 
di#erent methods. In a series of preliminary experiments, we 

from a random initialization of the weights, an approach that 
has shown promise is transfer learning, which allows for pre-
training of the network with a dataset di#erent than the main 
training set. !e performance of these methods depends on 
the task at hand, available data, and potentially other factors. 
Particularly, the type of dataset used for pretraining could be a 
factor in$uencing the "nal performance of the network. In this 
study, we tested whether a deep learning model with transfer 
learning from GBM MRI, instead of natural images, can pro-
vide improvement in performance over a model trained from 
scratch for predicting CoC molecular subtype based on MRI 
of LGG. !e hypothesis was that a supervised deep learning 
approach based on MR images of LGGs would be predictive 
of the tumor genomics. We also determined whether a model 
pretrained on another MRI dataset showed better performance 
and generalization ability than other learning approaches.

Materials and Methods

Patient Population
In this institutional review board–exempt study, we analyzed pa-
tient data from !e Cancer Genome Atlas (TCGA) LGG collec-
tion (10). First, we excluded patients who did not have preopera-
tive $uid-attenuated inversion recovery (FLAIR) imaging data 
available. From the 120 cases that remained, we further excluded 
10 patients for whom the relevant genomic data were not avail-
able. !e "nal analyzed cohort of 110 patients contained data 
from the following "ve institutions: !omas Je#erson University 
(TCGA-CS, 16 patients), Henry Ford Hospital (TCGA-DU, 
45 patients), University of North Carolina (TCGA-EZ, one pa-
tient), Case Western (TCGA-FG, 14 patients), Case Western–
St. Joseph’s (TCGA-HT, 34 patients). !ese 110 patients were 
used for the development of classi"cation networks and in the 
radiogenomic analysis. !e full list of patients included in our 
analysis is available in Appendix E1 (supplement).

Abbreviations
AUC = area under the receiver operating characteristic curve, CoC 
= cluster of clusters, CI = con"dence interval, CNN = convolutional 
neural network, FLAIR = $uid-attenuated inversion recovery, GBM 
= glioblastoma, IDH = isocitrate dehydrogenase, LGG = lower-grade 
glioma, TCGA = !e Cancer Genome Atlas, TCIA = !e Cancer 
Imaging Archive

Summary
Deep learning algorithms, especially those utilizing transfer learn-
ing, were able to "nd the association between imaging and genom-
ics of lower grade gliomas.

Key Points
 n While deep learning cannot yet replace genomic testing, it shows 

promise in aiding clinical decisions of lower grade gliomas.
 n A convolutional neural network pretrained with brain MRI of glio-

blastoma tumors achieved the best performance as compared with 
networks trained from scratch or pretrained on natural images.

 n For discriminating cluster-of-clusters 2 from others, we achieved 
area under the receiver operating characteristic curve of 0.730 
(95% con"dence interval: 0.605, 0.844).

Table 1: Imaging Data for 110 Patients Used in this 
Study

Parameter Value

No. of patients 110
No. of slices per patient* 35.7 6 15.2
No. of tumor slices per patient* 12.3 6 6.2
Image width† 192–512
Image height† 224–512

* Data are means 6 standard deviations.
† Data are minimum to maximum pixel measurement. 
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Figure 1: Example patches for tumors from cluster CoC1 (top), cluster CoC2 (middle), and cluster CoC3 (bottom) before applying rotation and shift augmentation. 
CoC = cluster of clusters.

ters. A detailed description of the architecture and the training 
hyperparameters are provided in Appendix E2 (supplement).

Transfer learning.—It has been shown that deep convolutional 
neural networks (CNNs) trained on large datasets learn general 
feature representations (18,19). Shallow "lters detect simple 
shapes (eg, edges) whereas deeper layers are responsible for rec-
ognizing more complex structures and objects (20). !e most 
common transfer learning method is "ne-tuning of a model 
trained on another dataset. It involves training the "nal clas-
si"cation layer from random initialization and adjustment of 
weights in early layers using  a small learning rate. In our exper-
iments, we "ne-tuned GoogLeNet (21) network pretrained on 
ImageNet dataset of natural images (22). We also "ne-tuned a 
CNN developed for classi"cation of patches extracted from an-
other brain MRI dataset of patients with GBM. !e network 
was trained to distinguish di#erent parts of the tumor and 
normal brain tissue with the ultimate goal of segmenting the 
images (23). For both of the "ne-tuned models, the fully con-
nected layers were replaced and randomly initialized. To match 
the number of input channels, we repeated FLAIR sequence 
three times. Detailed description of the network pretrained on 
GBM MRI data and the training hyperparameters are provided 
in Appendix E2 (supplement).

Model Evaluation and Statistical Analysis
We performed the evaluation using 22-fold cross-validation. 
Speci"cally, we split the data by patients into 22 folds with 
"ve cases each. !en we trained the model using 21 folds 
(105 cases) and tested it using one fold ("ve cases). We re-
peated the process 22 times such that each fold was used as 
the test set once. Because each patient had several slices con-

identi"ed the following transformations and data preparation 
steps to be essential to achieve satisfactory results for classi"ca-
tion of genomic subtypes. All slices were "rst padded to square 
aspect ratio, resized to 256 3 256 pixels, and were contrast-
normalized by stretching pixel values between 1st and 99th 
percentile in the histogram. !en, we applied a mask from 
manual segmentation of tumors to guide network and provide 
shape information. Finally, image patches used for training and 
inference were cropped to 80 3 80 pixels centered in the mid-
dle of the tumor. Only the slices that contained some tumor 
were considered. !e optimal patch size was chosen based on a 
series of preliminary experiments.

!e total number of extracted patches was 1648. Example 
patches for each cluster are shown in Figure 1. In addition, we 
performed data augmentation to generate extra training exam-
ples, a common technique in deep learning (11). Speci"cally, 
each patch was repeated "ve times with random rotation by 
610 degrees and random shift by 616 pixels in horizontal and 
vertical direction, then sampled independently. !is procedure 
resulted in 8240 examples in total. To alleviate the problem of 
imbalance, we applied random minority oversampling to make 
class distribution uniform (12).

Training custom network from random initialization.—!e 
"rst tested approach was training a custom network from ran-
dom initialization of weights (aka from scratch). !e architec-
ture of our trained-from-scratch network consisted of three 
standard blocks with convolutional layer, recti"ed linear unit, 
activation, max-pooling layer, and batch normalization (13–
16). After that, we added two fully connected layers followed 
by dropout layers with 50% dropout ratio (17). !e last layer 
contained three output units corresponding to predicted clus-
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operating characteristic curves are presented in Figure 2. !e best 
performing method was transfer learning utilizing GBM MRI 
for pretraining with AUC of 0.730 (95% CI: 0.605, 0.844). In 
comparison, for the network trained from scratch, AUC was 
0.680 (95% CI: 0.538, 0.811) and for GoogLeNet pretrained 
on natural images, it was 0.640 (95% CI: 0.521, 0.763). !e 

taining tumor and we trained classi"ers to predict molecular 
subtype of a single image, we averaged the predicted scores 
across tumor slices, independently for each class, to arrive at 
the "nal prediction.

We used the area under the receiver operating characteris-
tic curve (AUC) (24) computed by pooling predictions from 
all folds, as the evaluation metric. We evaluated how well the 
classi"er can distinguish each given subtype (CoC1, CoC2, 
CoC3) from all other subtypes combined (eg, CoC1 vs CoC2 
and CoC3) as well as all possible pairs for clusters (ie, CoC1 vs 
CoC2, CoC1 vs CoC3, CoC2 vs CoC3). For evaluation of all 
these binary tasks we trained a single multiclass neural network 
with three outputs corresponding to probabilities of three CoC 
clusters. In each case, we took the score from the CNN for a 
given class, averaged across slices as the score for computing re-
ceiver operating characteristic curves. Our particular focus was 
on cluster CoC2 which has been shown to be associated with a 
lower survival (1). Statistical tests for comparison of models and 
computation of con"dence intervals (CIs) was performed using 
a bootstrapping tool implemented in Python.

Results
!e characteristics of our patient population are shown in 
Table 2. !e average age was 47 years (one unknown). Fifty-
six patients were women and 53 were men (one unknown). 
Among 109 patients with histologic data present, 47 were oli-
godendrogliomas, 29 were oligoastrocytomas, and 33 were as-
trocytomas. In terms of tumor grade, 51 tumors were of grade 
II and 58 were of grade III.

!e results of testing our methods for the task of discrimi-
nating cluster CoC2 from all other clusters in terms of receiver 

Table 2: Patient and Tumor Characteristic

Characteristic
Age and No. of Patients 
(n = 110)

Age (y)
 Median 47
 Range 20–75
Sex
 Female 56
 Male 53
 Not available 1
Histologic type and grade
 Astrocytoma
  Grade II 8
  Grade III 25
 Oligoastrocytoma
  Grade II 14
  Grade III 15
 Oligodendroglioma
  Grade II 29
  Grade III 18
  Not available 1

Note.—Age for one patient was missing and was ignored in the 
calculation.

Figure 2: Receiver operating characteristic curves for the task of discriminating 
cluster CoC2 from all other clusters (CoC1 and CoC3) combined for (a) training 
from scratch, (b) transfer learning from ImageNet, and (c) transfer learning from 
glioblastoma MRI. AUC = area under the receiver operating characteristic curve, 
CoC= cluster of clusters.
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are very expensive and are rarely acquired in the clinical set-
ting. !erefore, even an imprecise prediction of a sophisticated 
genomics subtype could be of value in deciding the course of 
treatment. Second, even if a sophisticated genomic analysis is 
planned, it requires extraction of tumor tissue and additional 
time for analysis. !is step means that genomic information is 
delayed, particularly for patients who do not undergo immediate 
surgery. !e approximate information provided by already avail-
able imaging could immediately help with the decision process 
during the time when genomic information is absent. !ird, an 
imperfect, but su%ciently accurate, model could stratify patients 
for genomic testing and limit the testing only to the patients 
where the imaging-based surrogate is not con"dent about the 
prediction. Finally, in addition to the potential clinical uses just 
described, the ability of deep learning to identify some character-
istics of images that represent the underlying genomics could be 
of high value in further understanding of genotype-phenotype 
relationships in cancer.

!e imaging-based approach to identifying the underlying 
tumor genomics has some very clear strengths. In addition to 
the low cost (MRI is already available) and immediate access 
to the information, imaging o#ers a way to analyze the tumor 
as a whole rather than individual tissue samples. !is allows 
for visualizing the tumor in its surrounding and the ability to 
assess tumor shape, which re$ects the growth pattern as well 
as tumor enhancement which illustrates its vascular structure. 
Finally, the overall look at a tumor is of utmost importance 
given the intratumor genomic heterogeneity of cancer. While 
the results of a genomic test can di#er based on which part of 

di#erences between GBM pretrained model and other models 
were not statistically signi"cant (P !.1). All deep learning meth-
ods showed performance statistically signi"cantly higher than 
chance (ie, none of the CIs overlap with AUC = 0.5).

For the transfer learning method using GBM data for pre-
training, Table 3 shows the ability of the deep learning method 
to classify di#erent subtypes. !e classi"er showed the highest 
predictive ability for distinguishing between CoC2 and CoC3 
and the lowest for distinguishing CoC1 and CoC3. Figure 3 of-
fers a visual representation of these results. In Figure 4, we show 
network attention heatmaps, which indicate parts of the image 
responsible for prediction. Increased response by the network 
was for tumor margin regions of high irregularity which pro-
vides additional validation of results from previous studies (6). 
Additional results for discriminating between all possible combi-
nations of CoC clusters for the two other deep learning methods 
tested in the study are provided in Appendix E3 (supplement).

Discussion
In this study, we demonstrated that deep learning–based algo-
rithms are capable of classifying molecular subtypes of LGG 
tumors with a moderate performance. !e model that showed 
the highest AUC utilized previous GBM imaging data for 
model pretraining.

Although at this stage of the development, the imaging-
based models could not be used as a one-to-one replacement 
for genomic testing, the correlations between genomics and 
imaging data are important to identify and can be applied in 
various ways. First, the genomic assays described in this article 

Table 3: AUC with 95% Confidence Intervals for the Transfer Learning from GBM MRI Experiment

Output Cluster 2 3 One versus All
1 0.698 (0.554, 0.823) 0.613 (0.486, 0.736) 0.650 (0.540, 0.751)
2 … 0.731 (0.591, 0.859) 0.730 (0.605, 0.844)
3 … … 0.584 (0.449, 0.710)

Note.—AUC = area under the receiver operating characteristic curve, GBM = glioblastoma.

Figure 3: Receiver operating characteristic curves for transfer learning from glioblastoma MRI experiment for the task of discriminating (a) cluster CoC1 versus CoC2 
and (b) cluster CoC2 versus CoC3. AUC = area under the receiver operating characteristic curve, CoC = cluster of clusters.
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the tumor was analyzed, the im-
aging o#ers a global view that is 
free of this limitation. It is noted 
that the intratumor heterogene-
ity is likely a part of the reason 
imaging cannot predict tumor 
genomics with a 100% accuracy. 
Because the reference standard 
may depend on the tissue sam-
pling strategy, it is unlikely that 
any predictive model can achieve 
perfect prediction. !is limita-
tion, caused by intratumor ge-
nomic heterogeneity, a#ects all 
studies using genomics data.

Our "ndings may translate 
to the prognosis of outcomes 
for patients with LGG. Speci"-
cally, we found that imaging can 
predict, with moderate perfor-
mance, whether the tumor be-
longs to the CoC2 cluster or to 
one of the remaining genomic 
subtypes. !e CoC2 cluster has 
also been shown to be highly 
associated with dramatically 
poorer survival. For example, 
the hazard ratio between groups 
CoC2 and CoC3 was 9.2 (95% 
CI: 4.2, 20.0), while the risk 
in groups CoC1 and CoC3 is 
similar (hazard ratio = 1.7) (1). 
!is shows the potential utility of the imaging-based tools 
to predict patient outcomes and guide treatment decisions. 
In addition, the task of classifying CoC2 cluster performed 
better than for other clusters. !is could be attributed to the 
aggressiveness of the CoC2 cluster which is revealed in the 
imaging features that can be captured by a CNN model (eg, 
angular standard deviation of tumor shape) (6).

An interesting "nding of our study was that the deep neu-
ral network that performed best was the one that utilized im-
ages of GBMs in the pretraining stage which was followed by 
additional training speci"c to LGGs. !is "nding illustrates 
that given a small set of cases such as the one used in this 
study, it is bene"cial to allow the network to acquire general 
concepts of head MRIs and brain tumors even if there are 
some di#erences in the speci"cs of the task. It might be pos-
sible to achieve even better performance if more LGG data 
are available. Other recent studies have explored prediction 
of di#erent relevant genomic subtypes for LGG using various 
methods and datasets (25–27).

Our study had some limitations, which included the limited 
size of the dataset as well as the fact that it was retrospectively 
and observationally collected. !is is a common limitation in 
studies using comprehensive genomic analysis. While the da-
taset was small, it was encouraging that we were able to "nd 
meaningful relationships between genomic and imaging data. 

Furthermore, to extract patches for prediction, we still needed 
manual segmentation masks of the tumor on each slice. !ere-
fore, the system was not fully automatic. However, with recent 
advances in deep learning segmentation techniques, automatic 
segmentation is capable of achieving performance of an expert 
human reader. !is implies that this step can be automated in 
the future, making the entire process presented in this article 
fully automatic.

To conclude, we were able to demonstrate that deep learning 
algorithms, especially those that utilize transfer learning, are able 
to "nd the association between imaging and genomics of LGGs. 
While the developed tool cannot yet serve as a direct replace-
ment for genomic testing, it shows promise in aiding clinical 
decisions and science of lower grade gliomas.
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Figure 4: Attention heatmaps from the network pretrained on glioblastoma dataset that indicate the parts of an image 
responsible for prediction. CoC = cluster of clusters.
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Abstract—Computer-aided segmentation of thyroid nodules in ultrasound imaging could assist in their accurate
characterization. In this study, using data for 1278 nodules, we proposed and evaluated two methods for deep learn-
ing-based segmentation of thyroid nodules that utilize calipers present in the images. The first method used approx-
imate nodule masks generated based on the calipers. The second method combined manual annotations with
automatic guidance by the calipers. When only approximate nodule masks were used for training, the achieved
Dice similarity coefficient (DSC) was 85.1%. The performance of a network trained using manual annotations was
DSC = 90.4%. When the guidance by the calipers was added, the performance increased to DSC = 93.1%. An
increase in the number of cases used for training resulted in increased performance for all methods. The proposed
method utilizing the guidance by calipers matched the performance of the network that did not use it with a
reduced number of manually annotated training cases. (E-mail: mateusz.buda@duke.edu) © 2019 World
Federation for Ultrasound in Medicine & Biology. All rights reserved.

Key Words: Ultrasound, Deep learning, Segmentation, Thyroid nodules.

INTRODUCTION

Thyroid nodules are extremely common and are best

evaluated with ultrasound to determine whether the nod-

ule should receive biopsy (Smith-Bindman et al. 2013;

Hoang et al. 2015). Multiple groups have proposed

biopsy guidelines based on the imaging appearance of

nodules, but no system can achieve high specificity

(Grani et al. 2019). Recently, advances in deep learning

have led to algorithmic characterization of thyroid nod-

ules, with fast and potentially accurate diagnosis (Chi

et al. 2017; Ma et al. 2017) that may assist in risk stratifi-

cation. An important component of these deep learning

systems is the delineation of a lesion’s boundaries in

order for algorithms to analyze features that belong pre-

cisely to it. Segmentation of the nodule of interest is not

the end goal by itself but it may be utilized in automatic

assessment of ultrasound features in the Thyroid Imag-

ing Reporting and Data System (Tessler et al. 2017),

(e.g., shape, margin, etc.). It could also facilitate other

machine learning algorithms that aim to discriminate

malignant and benign nodules (Buda et al. 2019).

Finally, it could be used for measurement of nodule char-

acteristics such as size.

Deep learning has been reported to be effective for

segmenting a variety of medical images (De Fauw et al.

2018; Haberl et al. 2018; Wachinger et al. 2018; Zhang

et al. 2019). However, generating training data for algo-

rithms typically requires a human to manually or semi-man-

ually outline the object of interest (i.e., provide pixel-based

segmentation masks). This process is time consuming and,

because it often requires the expertise of a radiologist, is

also costly. Thus, large numbers of manually annotated

images are not often available in medical imaging.

Ultrasound for thyroid nodules is no exception:

development of deep learning algorithms requires precise

segmentation that is time consuming and costly. However,

thyroid ultrasound images contain additional information

that could be used by deep learning algorithms to auto-

mate the segmentation process. Specifically, ultrasonogra-

phers use calipers to measure all thyroid nodules as part
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of routine workflow. Calipers are markers (e.g., small

crosses or plus signs) that mark the extremes of a nodule

for measurement (Fig. 1). These markers are embedded in

selected images and remain on the images after the exami-

nation is completed.

With these factors in mind, our goal was to develop

two deep learning methods that take advantage of calipers

in thyroid ultrasound images to (i) generate approximate

training data and therefore eliminate the need for manual

annotations, and (ii) improve the performance of a deep

learning segmentation algorithm when manual annotations

are available for training. We also aimed to evaluate how

changes in training set size affect algorithm performance.

METHODS

Data set

This institutional review board-approved, Health

Insurance Portability and Accountability Act of 1996-

compliant study was a retrospective analysis of ultrasound

images for 1278 thyroid nodules obtained between 2006

and 2010 from 1139 patients. A waiver of consent was

obtained given the retrospective nature of the study. Each

nodule had exactly one image in the longitudinal plane

and one in the transverse plane, resulting in 2556 total

images. Images were obtained with a variety of commer-

cially available scanners (Antares and Elegra, Siemens

Healthineers, Erlangen, Germany; ATL HDI 5000 and

iU22, Philips, Best, Netherlands; and Logic E9, General

Electric Healthcare, Chicago, IL, USA). The data set was

randomly split into a training set of 1078 nodules (2156

images), a validation set of 107 nodules (214 images),

and a test set of 200 nodules (400 images).

Each image contained either two or four calipers,

markers placed by an ultrasonographer when acquiring

nodule measurements as part of routine clinical practice

(Fig. 1). For each image, we obtained a manually drawn

nodule outline (segmentation) which was approved by a

radiologist (B.W-.T., 2 y of experience in thyroid imag-

ing). These outlines were used as the gold standard for

evaluation on the test set.

Pre-processing

In the pre-processing step, regions of interest

(ROIs) containing nodules were extracted, and metadata

text placed on images (information about scanner, study,

patient, etc.) were discarded. First, we applied contrast

stretching, with lower and upper pixel value limits being

the first and the 99th percentile values in the original

image, respectively. Next, we applied thresholding to the

image at 2% of the maximum pixel intensity and

extracted the bounding box of the largest connected

component in the binarized image. This defined the ROI

extracted from both the original image and its corre-

sponding ground truth segmentation mask. Cropped

images were zero-padded to be squares and then resized

to 320£ 320 pixels. The parameters for pre-processing

steps were selected based on the validation set. Finally,

we performed z-score normalization based on the mean

and standard deviation computed on the training set.

Fig. 1. Example transverse and longitudinal views of a nodule with caliper marks. Images were cropped and enlarged for
better visibility.
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BASE SEGMENTATION MODEL

The network architecture of the segmentation

model was a fully convolutional encoder�decoder

U-Net (Ronneberger et al. 2015). It was built based on

blocks comprising convolutional filters, rectified linear

unit activation function, batch normalization and max-

pooling or deconvolutional layers in the encoder and

decoder parts, respectively (Fig. 2). The numbers of fil-

ters in convolutional and corresponding deconvolutional

layers were 32, 64, 128 and 256. Skip-connections with

concatenation operation were used between encoder and

decoder blocks. Input images and output masks were of

size 320£ 320 pixels. During the training, the optimized

function was Dice similarity loss (Sudre et al. 2017).

The maximum number of training epochs was set to 100.

To prevent overfitting, an early stopping strategy was

used with a patience of 10 epochs (Caruana et al. 2001),

and model selection was based on the best loss computed

on the validation set. In addition, during training, we

applied data augmentation to the training examples in

the form of random rotation by 90˚, horizontal and verti-

cal shift by 32 pixels, as well as scale by 10%.

Segmentation approaches

Approach 1: Using approximate masks for training. -

This technique used calipers within each image to automat-

ically generate an approximate segmentation mask.

Manual nodule segmentations were not used for training.

To obtain approximate segmentation masks, calipers were

automatically identified using a detection model Faster R-

CNN (Ren et al. 2015) with ResNet-101 backbone

(He et al. 2016). It was trained on 7858 annotated calipers

Fig. 2. Base U-Net architecture used in experiments. It comprised four encoding and four decoding blocks. Each block
contained convolutional layer, batch normalization and ReLU activation, repeated two times and followed by max-pool-

ing and up-convolutional layer in the encoder and decoder parts, respectively.
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in all 2556 images in our data set. Using 10-fold cross-vali-

dation, we generated predicted locations of calipers for

all images. The precision of this caliper detection

method, evaluated with 10-fold cross-validation, was

99.77% at 0.5 intersection over union threshold (Lin

et al. 2014). Then, these predicted caliper locations

were used to produce approximate nodule segmenta-

tions by applying cubic interpolation connecting cali-

pers. When there were only two calipers, we added

extra points assuming a circular nodule or, if a circle

did not fit within the image, an elliptical nodule shape

was used (Fig. 3). Once the approximate masks are gen-

erated, they are used to train the basic segmentation

model based on a fully convolutional encoder�decoder

model as described above.

Approach 2: Using precise masks for training. -

This technique used manual segmentation masks for

training instead of approximate ones. The process of

obtaining these precise masks required a radiologist with

practice in reporting thyroid nodules, and it took approx-

imately 10 s for one image. The model architecture,

training procedure and training hyperparameters were

the same as for approach 1.

Approach 3: Using a combination of approximate

and precise masks for training. This approach used

both manual and approximate masks. However, precise

masks were used as ground truth for training, and

approximate masks were used only as an additional input

channel together with original nodule ultrasound images.

Fig. 3. Qualitative results comparing segmentations generated with deep learning model and ground truth masks for
example images from the test set.
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Approximate masks were generated fully automatically

as described for approach 1. The training procedure was

the same as for previous approaches.

Evaluation

All three approaches were evaluated on the test set

of 200 cases (400 images). The results of the deep learn-

ing-based segmentations were compared with manually

outlined masks. The Dice similarity coefficient (DSC)

averaged across all images was used as the performance

metric. Statistical tests for comparison of results were

performed using bootstrapping.

Additionally, each experiment was run on 10 subsets

of the training set with varying numbers of training exam-

ples to investigate the effect of training set size on segmen-

tation performance. The smallest training set size

comprised 10% of the original training set and was

increased by 10% in each subset until it reached 100% of

the training set. For more accurate performance estimation,

we repeated training of each network 10 times starting with

randomly initialized weights. This experimental setting

resulted in 300 models in total, all trained from scratch.

RESULTS

Effects of type of ground truth on segmentation

performance

When training occurred on the entire training set,

use of approximate masks for development (approach 1)

resulted in a good performance, with a median DSC of

85.1% on the test set. When precise manual segmenta-

tions were used as the ground truth instead of approxi-

mate masks (approach 2), the trained model achieved a

higher median DSC of 90.4% (p < 0.001). In approach

3, the trained network was guided by the approximate

mask for the image of interest (used as input). In this set-

ting, performance increased to a median DSC of 93.1%.

This is an improvement of 8% over approach 1 (p <

0.001) and 2.7% over approach 2 (p < 0.001).

Effects of training set size on segmentation performance

Performance increased as training set size increased

until about 50%�70% of the original training set was

used. The model training with additional input channel

(approach 3), even when training using only 20% of the

cases from the original training set, outperformed all

other models trained on the entire training set. Moreover,

this setting resulted in the most stable training, with the

difference in DSC for all trained models and for all sub-

sets of the training set within 1%. Figure 4 contains box-

plots with results from all experiments.

Regarding the comparison between approximate

and precise masks, use of 10% of precise masks for

training resulted in a DSC similar to that obtained

using 50% of approximate masks (84% DSC), whereas

use of 20% of precise masks resulted in a DSC similar

to that obtained using 100% of the training set of

approximate masks (85% DSC). It means that in these

settings, approximately five times more automatic

approximate masks were needed than precise ones to

achieve similar results. However, we estimate the time

needed to obtain one precise mask was about 10 s for a

trained radiologist, compared with automatic masks

Fig. 4. Boxplots revealing mean DSC achieved by a model
trained using (a) automatically generated approximate GT
masks (approach 1), (b) precise GT masks (approach 2) and (c)
precise GT masks and automatically generated approximate
masks as additional input channel. DSC = Dice similarity coef-

ficient; GT = ground truth.
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that were generated in about 1 s and without any radiol-

ogist supervision.

DISCUSSION

Segmenting lesions in medical imaging for deep

learning purposes is a time-consuming process, and radiol-

ogists or trained professionals may spend hours outlining

lesions so that deep learning tools may be developed. Our

study proposed and evaluated deep learning approaches to

efficiently and accurately segment thyroid nodules on ultra-

sound. We found that exceptionally high performance can

be achieved when applying these approaches. Specifically,

we utilized calipers inherent in ultrasound images both to

improve performance and to create an automated segmen-

tation system that could reduce the manual labor needed to

create a data set for development of deep learning models.

The proposed approaches are also model agnostic and can

facilitate other existing segmentation methods.

Our first approach to automated thyroid segmenta-

tion directly addresses this issue, as it allows for training

of a fairly accurate (DSC = 85.1%) segmentation algo-

rithm without using any manual segmentation data. Sim-

ilar performance for approaches relying on manual

annotations was reached when using 10% or 20% of total

training examples. Please note that 20% of all training

data corresponds to approximately 216 nodules, which

would require annotation of 432 individual images

(2 images per nodule). This translates to a substantial

time commitment that could be avoided using our

method, which uses automatic approximate annotations.

In the approach using only approximate masks,

once the caliper detection algorithm was developed, the

process of generating masks for training was completely

automatic. This is of high significance because no man-

ual segmentation is required for training, and therefore,

the network can be developed without radiologist-

provided input. If such an algorithm were not available,

manual marking of caliper position could still be per-

formed, which maintains the benefits of demanding less

time than creating an enclosed outline for each nodule

and of not requiring a trained radiologist.

Although calipers proved beneficial for develop-

ment of a fully automated segmentation algorithm, they

were also helpful when manual segmentation data were

used. Specifically, the calipers were detected to provide

a “first guess” mask as an additional network input. This

approach provided a notable increase in performance

from 90.4%�93.1% (p < 0.001). Alternatively, when

only 10% of the annotated cases were available, the pro-

posed method achieved a performance of 90.5%. This

means that the proposed method is capable of achieving

the same performance as the best standard network

trained on manually annotated data at a dramatically

reduced cost in terms of annotations. An interesting find-

ing is that the proposed caliper-based guidance has

resulted in a dramatic decrease in the variability of per-

formance of different trained networks. Such stability is

a very desired effect in practical settings.

Our study had limitations. First, some thyroid nod-

ules have ill-defined margins, which makes them diffi-

cult (if not impossible) to accurately outline, even by an

expert reader. In addition, thyroid nodules that are very

large can also have margins difficult to annotate because

the entire nodule could not fit within a single image.

These properties, in turn, might result in high inter-

observer variability. Because our segmentation masks

were provided by a single reader, there is a risk of biased

segmentation results and overfitting to a specific reader.

On the other hand, our data set was not curated to include

only nodules with well-defined margins. This might limit

performance, but it increases generalizability.

Because thyroid ultrasound is a very common imag-

ing exam, an abundance of data is available in hospital

picture archiving and communication systems. As one of

the methods proposed in this article does not require any

additional annotation other than what is already present in

the images, a future study could evaluate the performance

of a model trained using the approximate, caliper-based

masks with a 10- to 100-fold larger data set. Although we

observed some saturation of the performance with the

increasing number of cases, a notable increase in perfor-

mance is possible with a much larger training sample.

There is some potential that with a very large sample, the

performance of the networks trained on manually gener-

ated and approximate, caliper-based masks converge,

although this hypothesis requires additional validation.

In the past, other computer vision algorithms were

used for segmentation of thyroid nodules in ultrasound

images. In Iakovidis et al. (2007), the authors proposed a

level set approach based on a variable background active

contour model (Maroulis et al. 2007) with hyper-parame-

ters tuned using genetic algorithms. As evaluated on 45

images, average overlap with ground truth segmentations

was 92.5%; however, this method was applicable only to

hypo-echoic nodules. This limitation was overcome in

the joint echogenicity�texture active contour model

(Savelonas et al. 2008) which achieved mean DSCs of

96.3% and 95.5% on 38 hypo-echoic and 36 iso-echoic

nodules, respectively. Finally, a level set approach based

on neutrosophic L-means clustering, proposed in Koun-

dal et al. (2016), obtained a mean DSC of 94.2% on a

data set of 42 images containing hypo-echoic and hyper-

echoic nodules. These segmentation methods were eval-

uated on relatively small data sets (compared with the

400 test images in our study), and some of them apply

only to nodules of a specific echogenicity. In addition,

evaluation was performed based on the same set of cases
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that were used for algorithm development, which could

significantly bias the results.

CONCLUSIONS

In this study, we found that caliper marks placed on

ultrasound images can be employed in development of a

deep learning-based segmentation system in two ways.

First, the technique was used to automatically generate a

data set of approximate masks for training. Second, these

generated approximate masks, used as additional input to

the network, notably improved segmentation performance.
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Imaging with US remains an accurate method to guide 
recommendation for management of thyroid nodules 

(1), although interpretation variability and overdiagnosis 
represent continual challenges (2,3). To help radiologists 
improve consistency, several organizations have developed 
imaging criteria to aid in the selection of nodules recom-
mended for fine-needle aspiration (FNA) biopsy. In 2017, 
the American College of Radiology (ACR) published its 
!yroid Imaging Reporting and Data System (TI-RADS) 
(4). Similar to its predecessors, ACR TI-RADS is on the 
basis of US features and maximum nodule size. ACR TI-
RADS has been shown to increase accuracy and specificity 
compared with other systems (5), enhance report quality, 
and improve recommendations for management (6).

Despite these potential benefits, certain barriers may 
prevent radiologists from adopting or using ACR TI-RADS. 
First, a high interobserver variability among radiologists’ 

interpretations has been shown with the system (k = 0.51) 
(2). Such variability may lead to inconsistent recommen-
dations for nodule management between readers. Second, 
evaluating multiple nodules (with multiple features per 
nodule) can be labor intensive and could be more time 
consuming for some radiologists. Any practice that adds 
time to an already busy radiology workflow could serve as 
a disincentive for adopting best practices.

Because of these types of challenges, the medical com-
munity has started to use deep learning (7). Deep learning 
represents an approach to artificial intelligence that has been 
increasingly applied throughout medicine, with emerging 
applications in fields such as dermatology (8), ophthal-
mology (9), and radiology (10,11). Recent deep learning 
research in radiology has shown algorithm performance 
comparable to radiologists (12), and as the field continues 
to grow the variety and number of possible uses for deep 
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Background: Management of thyroid nodules may be inconsistent between different observers and time consuming for radiologists. 
An artificial intelligence system that uses deep learning may improve radiology workflow for management of thyroid nodules.

Purpose: To develop a deep learning algorithm that uses thyroid US images to decide whether a thyroid nodule should undergo a 
biopsy and to compare the performance of the algorithm with the performance of radiologists who adhere to American College of 
Radiology (ACR) !yroid Imaging Reporting and Data System (TI-RADS).

Materials and Methods: In this retrospective analysis, studies in patients referred for US with subsequent fine-needle aspiration or 
with surgical histologic analysis used as the standard were evaluated. !e study period was from August 2006 to May 2010. A mul-
titask deep convolutional neural network was trained to provide biopsy recommendations for thyroid nodules on the basis of two 
orthogonal US images as the input. In the training phase, the deep learning algorithm was first evaluated by using 10-fold cross-val-
idation. Internal validation was then performed on an independent set of 99 consecutive nodules. !e sensitivity and specificity of 
the algorithm were compared with a consensus of three ACR TI-RADS committee experts and nine other radiologists, all of whom 
interpreted thyroid US images in clinical practice.

Results: Included were 1377 thyroid nodules in 1230 patients with complete imaging data and conclusive cytologic or histologic 
diagnoses. For the 99 test nodules, the proposed deep learning algorithm achieved 13 of 15 (87%: 95% confidence interval [CI]: 
67%, 100%) sensitivity, the same as expert consensus (P . .99) and higher than five of nine radiologists. !e specificity of the 
deep learning algorithm was 44 of 84 (52%; 95% CI: 42%, 62%), which was similar to expert consensus (43 of 84; 51%; 95% CI: 
41%, 62%; P = .91) and higher than seven of nine other radiologists. !e mean sensitivity and specificity for the nine radiologists 
was 83% (95% CI: 64%, 98%) and 48% (95% CI: 37%, 59%), respectively.

Conclusion: Sensitivity and specificity of a deep learning algorithm for thyroid nodule biopsy recommendations was similar to that 
of expert radiologists who used American College of Radiology !yroid Imaging and Reporting Data System guidelines.

© RSNA, 2019
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used during algorithm development. !ey were analyzed by 
multiple readers in a previous study (5).

!e US examinations were performed by using a variety of 
commercially available units (Antares and Elegra, Siemens Health-
ineers, Erlangen, Germany; ATL HDI 5000 and iU22, Philips, 
Best, the Netherlands; and Logic E9, GE Healthcare, Waukesha, 
Wis) equipped with 5–15-MHz linear array transducers.

Pathologic Ground Truth
FNA samples were obtained during standard clinical workflow 
and cytologic results were reviewed by pathology faculty at the 
institution (Washington University, St Louis, Mo). Determi-
nation of benignity or malignancy was made by using FNA 
results or, when available, surgical specimens. For FNA, five 
categories were used: malignant, suspicious for malignancy, in-
determinate, benign, and nondiagnostic. We included nodules 
that were malignant or benign on the basis of initial FNA re-
sults or if a nodule underwent repeated FNA or surgical resec-
tion that subsequently provided confirmation of malignancy 
or benignity.

Image Annotation
All images in the training set were interpreted by one of two 
radiologists who were blinded to pathologic results. !ese two 
radiologists were later on the ACR TI-RADS steering com-
mittee and helped to develop ACR TI-RADS. !e first reader 
(W.D.M.) had 22 years of experience and the second reader 
had 20 years of experience in thyroid imaging. By following the 
ACR TI-RADS lexicon, the readers assigned features for nod-
ule composition, echogenicity, margins, and echogenic foci. For 
the echogenicity category, the readers classified 243 nodules as 
moderate to markedly hypoechoic, which was not compatible 
with the ACR TI-RADS lexicon. For these cases, a third reader 
(B.W.T., a board-eligible radiology fellow with specialty prac-
tice in thyroid imaging and 5 years of experience) reviewed the 
echogenicity feature and modified it by using the original assign-
ment and additional imaging review. !is reader also evaluated 
nodules for the shape feature. Eventually, all 1377 nodules were 
appropriately assigned to all five ACR TI-RADS categories.

Annotations for the five ACR TI-RADS feature categories for 
the test nodules were performed by 12 radiologists in December 
2016, before the publication of ACR TI-RADS, with the read-
ers blinded to the pathologic results. !ese interpretations were 
on the basis of images obtained on transverse and longitudinal 
planes, and video clips obtained on at least one plane displayed 
to the readers on standard computer monitors by using a website 
interface. Independent interpretations by three radiologists who 
were experts on the ACR TI-RADS committee, one of whom is 
a coauthor (F.N.T.), were combined into an expert consensus by 
using majority vote. !ese radiologists had between 26 and 
34 years of posttraining experience.

Among the remaining nine readers, one reader (W.D.M.) 
had 22 years of experience and also interpreted the training 
cases. !e other eight radiologists reported thyroid US in their 
clinical practice but had no knowledge of the management 
recommendations in ACR TI-RADS. !is group included 
two academic radiologists with subspecialty training in US 

Abbreviations
ACR = American College of Radiology, AUC = area under the receiver 
operating characteristic curve, CI = confidence interval, FNA = fine-
needle aspiration, TI-RADS = !yroid Imaging Reporting and Data 
System

Summary
A deep convolutional neural network that uses American College of 
Radiology (ACR) !yroid Imaging Reporting and Data System (TI-
RADS) features for training achieved similar sensitivity and specific-
ity for recommending biopsy for thyroid nodules observed at US 
compared with radiologists who use ACR TI-RADS.

Key Points
 n For discriminating malignant and benign nodules, deep learning 

achieved an area under the receiver operating characteristic curve 
(AUC) of 0.87 (95% confidence interval [CI]: 0.76, 0.95), which 
is comparable to the AUC of 0.91 (95% CI: 0.82, 0.97) for a con-
sensus of three American College of Radiologists (ACR) !yroid 
Imaging Recording and Data System (TI-RADS) committee ex-
perts (P = .42) and the mean AUC of 0.82 (95% CI: 0.73, 0.90) 
for nine individual radiologists (P = .38).

 n Our deep learning system achieved 52% specificity and 87% 
sensitivity in recommending biopsy for thyroid nodules compared 
with 51% specificity (P = .91) and 87% sensitivity (P . .99) from 
a consensus of three ACR TI-RADS committee experts.

learning continue to increase. Some of the challenges of thyroid 
US interpretation and reporting data systems such as ACR TI-
RADS represent problems that may be solved through deep learn-
ing applications.

!e aim of our study was to design a deep learning algo-
rithm that uses thyroid US images to decide whether a thyroid 
nodule should undergo a biopsy. We also aimed to compare 
the performance of the algorithm to that of radiologists with 
varying expertise who adhere to ACR TI-RADS interpretation 
criteria.

Materials and Methods

Study Population
In this institutional review board–approved, Health Insurance 
Portability and Accountability Act–compliant study, we retro-
spectively analyzed a data set of thyroid nodules. !e initial 
population included 1631 nodules in 1439 adult patients from 
a single institution who underwent diagnostic thyroid US ex-
aminations and US-guided FNA of a focal thyroid nodule be-
tween August 2006 and May 2010. It was refined by excluding 
203 nodules in 172 patients who had initial nondiagnostic or 
indeterminate cytologic results and without subsequent cyto-
logic or histologic diagnoses. Nodules in which images on one 
or both orthogonal planes were missing (n = 15) were also ex-
cluded. In addition, to facilitate nodule detection (based on a 
method that uses calipers), cases that did not contain images 
with proper caliper measurement marks (at least one caliper 
measurement on one plane and two on the other) were ex-
cluded (n = 36). !is resulted in 1377 nodules from 1230 pa-
tients. In the final sets for the analysis, there were 1278 nodules 
from 1139 patients in the training set and 99 nodules from 
91 patients in the test set (Fig 1). !e 99 test nodules were not 
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Use of the deep learning risk level and a nodule’s size resulted in a 
recommendation for FNA and follow-up. !e size thresholds for 
FNA and follow-up recommendation were the same as in ACR 
TI-RADS. We used this step to choose the appropriate point on 
a receiver operating characteristic curve that considers nodule 
size and results in clinically relevant decisions.

Evaluation
We evaluated our deep learning algorithm and compared it with 
the performance of radiologists in two steps (Fig 4). First, we 
compared the performance of the algorithm to human readers 
for discriminating benign and malignant nodules alone by using 
the area under the receiver operating characteristic curve (AUC). 
!is is the first and principal step of our algorithm and the ACR 
TI-RADS, and it does not involve nodule size. !e AUC for the 
deep learning algorithm was calculated by using the likelihood 
of malignancy returned by model, and the AUC for radiologists 
used the total number of points computed with ACR TI-RADS. 
!en, for the second step, we evaluated the performance of the 
entire system in terms of sensitivity and specificity for recom-
mendation of FNA and follow-up that in addition to the first 
step involves size-based thresholding. !is two-step evaluation 
allows for isolating the predictive performance that is purely on 
the basis of the image from the final size-based recommenda-
tion step that aims to relate to the risk that malignant nodules 

and 20 and 32 years of practice experience, respectively. !e 
six remaining radiologists from this group were from private 
practices with fellowship training in neuroradiology, women’s 
imaging, and nuclear medicine, with experience ranging from 
3 to 32 years.

On the basis of feature assessments for the five ACR TI-RADS 
categories from each reader, we first computed a total number of 
points per nodule and corresponding ACR TI-RADS risk levels. 
!en, according to ACR TI-RADS guidelines, we retrospectively 
decided whether a nodule would qualify for FNA and follow-up 
on the basis of nodule size and ACR TI-RADS risk level.

Deep Learning Algorithm
Our proposed deep learning algorithm had three main stages: 
nodule detection followed by prediction of malignancy and 
risk-level stratification. Figure 2 shows these stages and how 
they are connected. A complete description of all the compo-
nents of the deep learning algorithm are provided in Appendix 
E1 (online).

For nodule detection, we first obtained a bounding box of 
a nodule by enclosing calipers included in every image (used in 
clinical practice for nodule measurement). To detect the calipers, 
we trained a Faster Region-based Convolutional Neural Network 
detection algorithm (13). After detecting the calipers on the US 
image, we extracted a square image with a fixed size margin of 
32 pixels enclosing the corresponding nodule, 
resized the image to 160 3 160 pixels, and 
applied preprocessing (Appendix E1 [online]).

For classification, we trained a custom, 
multitask deep convolutional neural net-
work. !e tasks used for training were pres-
ence or absence of malignancy and all of 
the ACR TI-RADS features across the 
five categories (composition, echogenicity, 
shape, margin, and echogenic foci). !e 
architecture of our common represen-
tation extraction network is shown in  
Figure 3. Source code of the model is avail-
able at the following link: https://github.com/
MaciejMazurowski/thyroid-us.

During inference, we stratified the proba-
bility of malignancy returned by the network 
into risk levels referred to as deep learning risk 
levels (ie, DL2–DL5), modeled after the ones 
defined in ACR TI-RADS (ie, TR2–TR5). Figure 1: Flowchart of inclusion criteria for initial population and exclusion criteria for the 

final study population. FNA = fine-needle aspiration.

Figure 2: Flowchart of the three main processing stages of our deep learning algorithm. CNN = convolutional neural network, R-CNN = 
Region-based CNN, ROI = region of interest.
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the mean receiver operating characteristic curve is shown in 
Figure 5b.

After applying risk level stratification and size thresholds for 
FNA recommendation according to ACR TI-RADS, the sensitiv-
ity of the proposed deep learning algorithm was 13 of 15 (87%; 
95% CI: 67%, 100%), the same as the expert consensus sensitiv-
ity of 13 of 15 (87%; 95% CI: 67%, 100%). For the nine ra-
diologists, sensitivity ranged from 11 of 15 (73%) to 14 of 15 
(93%). !e differences between sensitivity of deep learning and 
radiologists were not statistically significant (P . .43). In terms 
of specificity, deep learning achieved 44 of 84 (52%; 95% CI: 
41%, 63%), which was higher (although not significantly; P = 
.91) than expert consensus (43 of 84; 51% [95% CI: 41%, 62%]) 
and seven of the nine radiologists with specificity ranging from 24 
of 84 (29%) to 59 of 84 (70%). !e differences between specific-
ity of deep learning and two of these seven radiologists (reader 
2 and reader 8) were statistically significant (P , .001 and P = 
.042, respectively). !e mean sensitivity and specificity for all nine 
radiologists was 83% (95% CI: 64%, 98%) and 48% (95% CI: 
37%, 59%), respectively; both mean sensitivity and mean specific-
ity were lower than for the deep learning algorithm (sensitivity and 
specificity, P = .68 and .45, respectively). Sensitivity and specificity 

of different sizes pose to 
patients.

We performed valida-
tion of the performance 
of the deep learning clas-
sifier in two ways: by us-
ing a 10-fold cross-vali-
dation with our training 
set by pooling predictions 
from all 10 nonoverlap-
ping folds and by using 
a hold-out test set of 99 
cases. For the training 
set, AUC of the deep 
learning algorithm was 
compared with that of a 
single radiologist. On the 
test set, we compared the deep 
learning with consensus of the 
three ACR TI-RADS commit-
tee members and the nine other 
radiologists. Statistical tests for 
all comparisons were performed 
with bootstrapping.

Results

Study Population
!e total number of malignant 
nodules was 142 (of 1377 nod-
ules; 10.3%); there were 127 
malignant nodules (of 1278 
nodules; 9.9%) in the training 
set and 15 malignant nodules 
(of 99 nodules; 15%) in the test 
set (Table 1). !e prevalence of malignant nodules between the 
training and test sets was not statistically significant (P = .09). !e 
mean maximum nodule size for all cases was 2.6 cm (2.6 cm in the 
training set and 2.7 cm in the test set; P = .53).

Comparison of Deep Learning and Radiologists
For the training set of 1278 nodules, evaluated by using 10-fold 
cross-validation, the deep learning algorithm achieved an AUC 
of 0.78 (95% confidence interval [CI]: 0.74, 0.82) compared 
with 0.80 (95% CI: 0.76, 0.84; P = .44) for a single ACR TI-
RADS committee radiologist by using ACR TI-RADS (Fig 5a).

For the test set for discriminating malignant and benign 
nodules, deep learning achieved an AUC of 0.87 (95% CI: 
0.76, 0.95), which is comparable (P = .42) to that of expert 
consensus (0.91; 95% CI: 0.82, 0.97). !e mean AUC of the 
nine radiologists was 0.82 (95% CI: 0.73, 0.90; not signifi-
cantly lower than for deep learning, P = .38); the lowest AUC 
was 0.76 (95% CI: 0.63, 0.88) and the highest AUC was 0.85 
(95% CI: 0.76, 0.94). !e performance of eight of the nine 
individual radiologists was worse than that of deep learning; 
however, these differences were not statistically significant (P 
. .08). !e score of each reader is provided in Table 2 and 

Figure 3: Convolutional neural network architecture of the network for shared representation extraction.

Figure 4: A diagram of the two-step decision-making process for management of thyroid nodules. ACR =  
American College of Radiology, FNA = fine-needle aspiration, TI-RADS = Thyroid Imaging Reporting and 
Data System.
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of the algorithm was similar to that of consensus of three expert 
readers by achieving sensitivity of 87% (95% confidence interval 
[CI]: 67%, 100%) and specificity of 52% (95% CI: 41%, 63%).

!e most valuable aspect of the deep learning algorithm is 
the ability to improve specificity of thyroid nodule biopsy rec-
ommendations. In a study that compared the recommendations 
of eight radiologists for 100 nodules, Hoang et al (5) found that 
ACR TI-RADS offered a meaningful reduction in the num-
ber of thyroid nodules recommended for biopsy and improved 
specificity. In our study, we show that deep learning maintains 
or provides improvement in specificity compared with radiolo-
gists who use ACR TI-RADS, which suggests that the proposed 
algorithm offers performance markedly higher than radiologists 
who do not use ACR TI-RADS.

Our results add to the growing body of evidence demonstrat-
ing the potential power of deep learning when applied to thyroid 
US. Chi et al (14) showed that a system that uses imaging features 
extracted with a deep convolutional neural network can achieve 
accuracy greater than 99% for the binary task of classifying thyroid 
nodules on US images to ACR TI-RADS categories 1 and 2 versus 
all categories. Even though the performance seems to be outstand-
ing, it refers to a greatly simplified task of predicting proxy labels. 
However, our ground truth used for both the training and testing 
nodule subsets relied on cytologic and pathologic results. In an-
other study, Ma et al (15) used a large data set of over 8000 thyroid 
nodules with malignant and benign status confirmed either by op-
eration or FNA result. !e proposed deep learning algorithm that 
required manual nodule segmentation resulted in high sensitiv-
ity (82%) and specificity (84%); however, nodule sizes were not 
considered in the evaluation. !e malignancy rate was also high 
in that study (15) and not reflective of a typical cohort of thyroid 
nodules undergoing thyroid US or biopsy. However, our study 
compared fully autonomous decisions made by a deep learning 
algorithm to radiologists.

A deep learning algorithm for prediction of malignancy could 
make a difference in clinical practice. First, for a given image, our 
algorithm will always provide the same prediction. !erefore, it 
will eliminate a substantial interreader variability that has been 
observed for this task even when the ACR TI-RADS system is 
used. Second, the algorithm could reduce the time required for 
interpretation of thyroid nodules, which puts some strain on ra-
diology departments. Finally, deep learning may perform better 
than some radiologists who interpret thyroid US images in clini-
cal practice, although a larger study is needed to confirm this.

!e ACR TI-RADS system consists of two steps. !e first 
step, on the basis of specific features of the nodules, estimates the 
likelihood that the lesion is malignant. !e second step triages 

for FNA recommendation by all readers is 
provided in Table 2. Of the nodules that 
were misclassified by deep learning (42%; 
95% CI: 33%, 53%), the nine radiologists 
misclassified an average of 72% (95% CI: 
59%, 83%) of nodules. However, of the 
nodules misclassified by radiologists (average 
error rate, 47%; 95% CI: 37%, 56%), deep 
learning misclassified 66% (95% CI: 53%, 
77%) of nodules. !is shows a notable over-
lap in the misclassified cases and somewhat lower misclassification 
rate by the deep learning algorithm compared with that of the 
radiologists.

When recommending follow-up for nodules stratified into 
risk levels and when using size thresholds according to ACR TI-
RADS, deep learning performed similarly to the radiologists. Its 
sensitivity was 14 of 15 (93%; 95% CI: 78%, 100%). Expert 
consensus did not miss any malignant nodules for recommend-
ing follow-up and achieved specificity 34 of 84 (40%; 95% CI: 
30%, 51%). Similar specificity (P = .74) was obtained by the 
deep learning algorithm (specificity, 32 of 84; 38%; 95% CI: 
28%, 49%). For the remaining nine readers, the mean sensitivity 
was 97%, whereas the mean specificity was relatively low (34%). 
In Table 2, we provide sensitivity and specificity for follow-up 
recommendation by all readers.

We split the test nodules that were positive for malignancy 
and negative for malignancy (ie, benign) into two subsets, easy 
and difficult, on the basis of the performance of human raters. 
Ten of 15 nodules positive for malignancy were included in the 
easy set on the basis of unanimous correct management deci-
sions from all 10 readers (expert consensus and nine individual 
radiologists). For nodules that were negative for malignancy, 39 
of 84 were also included in the easy set on the basis of at least six 
of 10 correct management decisions for FNA recommendation. 
!ese selections resulted in two subsets, one with 49 easy nodules 
(10 nodules positive for malignancy and 39 nodules negative for 
malignancy) and the other with 50 difficult nodules (five nodules 
positive for malignancy and 45 nodules negative for malignancy). 
Figure 6 compares the performance of deep learning and radiolo-
gists on a subset of easy (Fig 6a) and difficult (Fig 6b) test nodules. 
Deep learning achieved higher AUC than radiologists for the diffi-
cult nodules (0.92 vs 0.70, respectively; P = .02) and similar AUC 
for the easy nodules (0.89 vs 0.92, respectively; P = .59). Expert 
consensus and deep learning performed similarly for the difficult 
nodules (AUC, 0.90 [95% CI: 0.72, 1.00] vs 0.92 [95% CI: 0.80, 
1.00], respectively; P = .96). However, for the easy nodules, the 
deep learning AUC (0.89; 95% CI: 0.75, 0.98) was slightly lower 
than for expert consensus (0.96; 95% CI: 0.89, 0.99; P = .16).

Discussion
Interpretation of nodules at thyroid US is time consuming and 
has interreader variability. In our study, we developed a deep 
learning algorithm to provide management recommendations 
for thyroid nodules observed on US images and compared its 
performance with radiologists who adhered to American Col-
lege of Radiology (ACR) !yroid Imaging Reporting and Data 
System (TI-RADS) guidelines. We showed that the performance 

Table 1: Population Statistics according to Malignant Nodule Class

Parameter
All Nodules  
(n = 1377)

Training Nodules  
(n = 1278)

Test Nodules  
(n = 99)

Mean age of patient (y) 53.2 6 14.0 53.2 6 13.9 52.3 6 14.0
Mean nodule size (cm) 2.6 6 1.5 2.6 6 1.5 2.7 6 1.3
No. of malignant nodules 142 (10.3) 127 (9.9) 15 (15)

Note.—Data in parentheses are percentages; mean data are 6 standard deviation.
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Table 2: Comparison of the Deep Learning Algorithm, ACR TI-RADS Committee Expert Readers, and Radiologists

Reader

FNA Follow-up

AUC Experience (y)Sensitivity Specificity Sensitivity Specificity
Deep learning  
  algorithm

13/15 (87) [67, 100] 44/84 (52) [42, 62] 14/15 (93) [79, 100] 32/84 (38) [28, 49] 0.87 [0.76, 0.95] NA

ACR TI-RADS  
   committee expert  

readers (n = 3)

13/15 (87) 43/84 (51) 15/15 (100) 34/84 (40) 0.91 26–32

Radiologists (n = 9)
 Reader 1 14/15 (93) 40/84 (48) 15/15 (100) 28/84 (33) 0.91 20–25
 Reader 2 13/15 (87) 24/84 (29) 15/15 (100) 14/84 (17) 0.76 20
 Reader 3 12/15 (80) 40/84 (48) 15/15 (100) 27/84 (32) 0.85 13
 Reader 4 12/15 (80) 40/84 (48) 15/15 (100) 28/84 (33) 0.83 13
 Reader 5 11/15 (73) 49/84 (57) 14/15 (93) 34/84 (40) 0.78 3
 Reader 6 11/15 (73) 59/84 (70) 13/15 (87) 51/84 (61) 0.85 32
 Reader 7 12/15 (80) 42/84 (50) 15/15 (100) 33/84 (39) 0.81 4
 Reader 8 13/15 (87) 32/84 (38) 14/15 (93) 19/84 (23) 0.79 32
 Reader 9 14/15 (93) 37/84 (44) 15/15 (100) 26/84 (31) 0.83 20
 Mean values for  
  readers 1–9 (%)

83 [64, 98] 48 [37, 59] 97 [90, 100] 34 [24, 46] 0.82 [0.73, 0.90] 17

Note.—Unless otherwise indicated, data are numerator/denominator, data in parentheses are percentages, and data in brackets are 95% 
confidence intervals. !e readers used the test set of 99 nodules. ACR = American College of Radiology, AUC = area under the receiver op-
erating characteristic curve, FNA = fine-needle aspiration, NA = not applicable, TI-RADS = !yroid Imaging Reporting and Data System.

Figure 5: Areas under the receiver operating characteristic curves (AUCs) of (a) deep learning evaluated by 
using 10-fold cross-validation for 1278 training nodules compared with a single radiologist who used the Ameri-
can College of Radiology (ACR) Thyroid Imaging Reporting and Data System (TI-RADS) and (b) deep learning 
evaluated for 99 test nodules compared with expert consensus of three ACR TI-RADS committee members and 
nine radiologists who used ACR TI-RADS.

nodules for biopsy or follow-up on the basis of the likelihood 
estimated in the first step and nodule size. Our deep learning 
system replaces only the first step and uses the same size-based 
triaging in the second stage. Whereas this design decision was 
important to allow for a fair comparison of our system with 
ACR TI-RADS in the proper clinical setting, to some extent it 
limits the system to the decision-making framework of ACR TI-
RADS. Future improvement that considers the interactions be-
tween tumor size and more detailed features of the nodules could 
provide additional gains in performance in terms of sensitivity 
and specificity.

Our study had limitations. Our final test set of 99 nod-
ules (15 nodules positive for malignancy and 84 nod-
ules negative for malignancy) as well as easy and difficult 
test subsets contained a small number of nodules, which  
resulted in wide CIs. !is limitation was alleviated by a cross-vali-
dation experiment on the larger training set (127 nodules positive 
for malignancy and 1151 nodules negative for malignancy), which 
showed results that were consistent with those from the test set 
in terms of the comparable performance of our algorithm with 
the radiologist who had the highest performance. Another limi-
tation was that we noticed some differences in performance be-

tween the test set and the 
training set. !is was not 
an indication of a high-
bias model (ie, underfit-
ting) because it was the 
case for both deep learn-
ing and the radiologist. 
We believe that the main 
reason for this difference 
is that the nodules from 
the training set were on 
average more difficult to 
interpret, which was cor-
roborated by additional 
exploration of the data 
including evaluation of 
the discriminative power 
of features. Whereas the 
overall performance of all 
predictors (deep learning 
and radiologists) differed 
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between the two sets, the 
relative trends between 
radiologists and our algo-
rithm remained. Regard-
ing the study population, 
all nodules used in our 
study underwent FNA 
because of findings sus-
picious for malignancy 
or US findings that were 
indeterminate, and not 
on the basis of ACR TI-
RADS guidelines. In ad-
dition, no large-scale test 
set from external institu-
tions was available for 
comparison and to assess 
for generalization to a 
broader population of pa-
tients and nodules.

In summary, deep 
learning algorithms may 
be promising tools in 
the decision-making process for assessment of thyroid nodules. 
More studies are needed to further validate our findings.
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Figure 6: Areas under the receiver operating characteristic curves (AUCs) comparing deep learning, American 
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Thyroid nodules are an extremely common finding at US 
and other imaging studies (1,2). Although most thyroid 

nodules are benign, many patients are subjected to a costly 
workup that may include one or more biopsies, follow-up 
imaging, and even diagnostic lobectomy (3). !is contrib-
utes to the overdiagnosis of thyroid cancers that are not 
clinically significant (4). Over the past decade, multiple 
groups have developed biopsy guidelines for thyroid nod-
ules based on their appearance at US, but some guidelines 
are difficult to apply and all lead to high false-positive rates 
(benign nodules for which biopsy is recommended).

With these issues in mind, a committee of the American 
College of Radiology (ACR) created the !yroid Imaging 
Reporting and Data System (TI-RADS) to determine if 
thyroid nodules depicted at US require biopsy or follow-up 
(5). Nodules are awarded points based on features in five 

categories—composition, echogenicity, shape, margin, and 
echogenic foci. !e more suspicious the feature, the higher 
its point value. Points are summed to categorize a nodule 
into one of five TI-RADS risk levels, TR1 to TR5 (Table 1). 
Management recommendations are determined by using 
the risk level and the maximum size of the nodule.

!e points assigned to each feature in ACR TI-RADS 
were based on evidence in the literature and expert con-
sensus. !erefore, it is possible that the performance of 
the system could be improved by optimization of the 
points assigned to each US feature. Given the problem 
of overdiagnosis in thyroid imaging, this might improve 
specificity without sacrificing sensitivity. Indeed, the 
ACR TI-RADS committee recognized that certain fea-
tures may warrant higher or lower point values to achieve 
optimal performance (5).
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Background: Risk stratification systems for thyroid nodules are often complicated and affected by low specificity. Continual im-
provement of these systems is necessary to reduce the number of unnecessary thyroid biopsies.

Purpose: To use artificial intelligence (AI) to optimize the American College of Radiology (ACR) !yroid Imaging Reporting and 
Data System (TI-RADS).

Materials and Methods: A total of 1425 biopsy-proven thyroid nodules from 1264 consecutive patients (1026 women; mean age, 
52.9 years [range, 18–93 years]) were evaluated retrospectively. Expert readers assigned points based on five ACR TI-RADS cat-
egories (composition, echogenicity, shape, margin, echogenic foci), and a genetic AI algorithm was applied to a training set (1325 
nodules). Point and pathologic data were used to create an optimized scoring system (hereafter, AI TI-RADS). Performance of 
the systems was compared by using a test set of the final 100 nodules with interpretations from the expert reader, eight nonexpert 
readers, and an expert panel. Initial performance of AI TI-RADS was calculated by using a test for differences between binomial 
proportions. Additional comparisons across readers were conducted by using bootstrapping; diagnostic performance was assessed by 
using area under the receiver operating curve.

Results: AI TI-RADS assigned new point values for eight ACR TI-RADS features. Six features were assigned zero points, which 
simplified categorization. By using expert reader data, the diagnostic performance of ACR TI-RADS and AI TI-RADS was area un-
der the receiver operating curve of 0.91 and 0.93, respectively. For the same expert, specificity of AI TI-RADS (65%, 55 of 85) was 
higher (P , .001) than that of ACR TI-RADS (47%, 40 of 85). For the eight nonexpert radiologists, mean specificity for AI TI-
RADS (55%) was also higher (P , .001) than that of ACR TI-RADS (48%). An interactive AI TI-RADS calculator can be viewed 
at http://deckard.duhs.duke.edu/~ai-ti-rads.

Conclusion: An artificial intelligence–optimized !yroid Imaging Reporting and Data System (TI-RADS) validates the American 
College of Radiology TI-RADS while slightly improving specificity and maintaining sensitivity. Additionally, it simplifies feature 
assignments, which may improve ease of use.

© RSNA, 2019
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malignancy or benignity. Two hundred three nodules were ex-
cluded for indeterminate or nondiagnostic pathologic results and 
three were excluded because of incomplete images. !e final study 
population comprised 1425 nodules from 1264 patients (Fig 1) 
with 151 (10.6%) cancers (95 papillary, 40 follicular variants of 
papillary, six follicular, one medullary, and nine other cancers).

Sonograms were interpreted by one of two expert readers 
(reader 1 [W.D.M.], with 20 years of experience and reader 2, 
with 20 years of experience; both members of ACR TI-RADS 
committee) who were blinded to the indication and pathologic 
result. Readers were not blinded to patient age, as this was in-
cluded on the images. Reader 1 interpreted 1044 (64%) of the 
nodules and reader 2 interpreted 587 (36%). !ey jointly inter-
preted 50 cases at the beginning of the study to standardize their 
approach and read another 50 cases together in the middle of the 
study. !e expert readers assigned features in the five ACR TI-
RADS categories for every nodule. Because this was performed 
prior to the publication of ACR TI-RADS, there were minor dif-
ferences in terminology for echogenicity and shape. Hypoechoic 
nodules were characterized as mildly, moderately, or very hy-
poechoic rather than hypoechoic or very hypoechoic as in ACR 
TI-RADS. !erefore, nodules that were originally called mildly 
hypoechoic were recategorized as hypoechoic, and nodules origi-
nally categorized as moderately to very hypoechoic were reclassi-
fied as hypoechoic or very hypoechoic by a third reader (reader 3 
[B.W.T.], a radiology fellow with 5 years daily practice in thyroid 
imaging). Nodule shape was also determined by reader 3 because 
this feature was not part of the original analysis. Recategoriza-
tions that were deemed difficult or indeterminate were reviewed 
by a fourth reader (reader 4 [J.K.H.], with 13 years of experience 
in thyroid imaging; member of ACR TI-RADS committee). In 
all other respects, the original analysis followed the recommen-
dations of ACR TI-RADS.

Ultimately, all 1425 nodules had feature assignments for all 
five ACR TI-RADS categories, which yielded point assignments 
and corresponding TI-RADS risk levels. Nodules were split into 
a training set of 1325 nodules (1189 benign, 136 malignant) 
and a test set of the last 100 nodules (85 benign, 15 malignant). 
A validation set was not used; rather, cross-validation within the 
training cases was used to tune the algorithm.

AI TI-RADS Algorithm Development
We used a genetic algorithm to derive an optimized and data-
driven version of TI-RADS, which we refer to as AI TI-RADS 

Abbreviations
ACR = American College of Radiology, AI = artificial intelligence, CI = 
confidence interval, TI-RADS = !yroid Imaging Reporting and Data 
System

Summary
Artificial intelligence modeling suggests that the American College 
of Radiology !yroid Imaging Reporting and Data System may be 
modified to improve ease of use while also improving specificity.

Key Points
 n By using a set of 1425 thyroid nodules, artificial intelligence (AI) 

modeling was used to optimize the American College of Radiology 
!yroid Imaging Reporting and Data System (TI-RADS).

 n !e revised TI-RADS (hereafter, AI TI-RADS) assigned new point 
values for eight features, including a simplified scheme for some 
categories. For example, only assigning points to solid nodules and 
eliminating point assignments to other composition features repre-
sents one such modification.

 n AI TI-RADS resulted in slightly higher specificity for recommend-
ing fine-needle aspiration (mean increase of 7.6% across eight 
radiologist readers; P , .001).

!e aim of this study was to use artificial intelligence (AI) 
algorithms to optimize TI-RADS feature point assignments. 
Our hypothesis was that our algorithm (hereafter, AI TI-RADS) 
could achieve similar or higher specificity than could ACR TI-
RADS while maintaining sensitivity. !is hypothesis would be 
tested in part by using a set of 100 thyroid nodules that had been 
interpreted by multiple radiologists as part of another study (al-
though outcomes for our study would be different and use sepa-
rate data analysis) (6). !ese results could both validate the cur-
rent ACR TI-RADS and inform future revisions of the system.

Materials and Methods

Study Population and Image Annotation
!is retrospective study was Health Insurance Portability 
and Accountability Act compliant, institutional review board 
approved, and used patients from a single academic medical 
center. A waiver of consent was obtained due to the anonymous 
and retrospective nature of the study. !e initial population 
included 1631 thyroid nodules in 1439 consecutive patients 
who underwent diagnostic thyroid US and subsequent bi-
opsy between August 2006 and May 2010. Sonograms were 
performed for a variety of clinical indications by using com-
mercially available units (Antares and Elegra [Siemens Health-
ineers, Erlangen, Germany], ATL HDI 5000 and iU22 [Phil-
ips, Best, the Netherlands], and Logiq E9 [General Electric, 
Andover, Mass]). All were considered high-end units at the 
time that the images were obtained.

Tissue samples were obtained by using standard fine-needle as-
piration techniques, and the cytopathologic slides were reviewed 
by pathology faculty at the institution where the images were 
obtained. Diagnosis was based on fine-needle aspiration results 
and surgical specimens, when available. Only nodules that were 
malignant or benign were included, unless a nodule underwent 
repeat fine-needle aspiration or surgical resection that confirmed 

Table 1: Risk Categories of American College of Radiology 
Thyroid Imaging Reporting and Data System

Risk Category Recommendation
TR1 Benign: no FNA
TR2 Not suspicious: no FNA
TR3 Mildly suspicious: FNA if !2.5 cm
TR4 Moderately suspicious: FNA if !1.5 cm
TR5 Highly suspicious: FNA if !1 cm

Note.—FNA = fine-needle aspiration.
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lated for ACR TI-RADS and AI TI-RADS models by using 
a test for differences between two binomial proportions. Sen-
sitivity and specificity for detection of malignancy were also 
calculated for each nonexpert reader and the expert consensus, 
and comparison across those groups was performed by using 
bootstrapping methods. Differences in mean age between men 
and women were tested by using an unpaired t test. Statistical 
analysis was conducted by using R software (R Foundation for 
Statistical Computing, Vienna, Austria; https://r-project.org), 
and P values less than or equal to .05 were considered to indi-
cate statistical significance.

Results

Study Population and Nodule Characteristics
!e mean of the summed ACR TI-RADS points was 4.23 6 
2.45 (standard deviation) for the 1325 training nodules and 
4.22 6 2.64 for the 100 test nodules. !e mean age for male 
patients was 56.7 years 6 13.5, whereas the mean age for fe-
male patients was 52.0 years 6 13.9 (P , .001). Additional 
basic demographics for the training and test sets can be found 
in Table 2. !e distribution for all TI-RADS imaging features 
across all included nodules for the training and test sets appears 
in Table 3.

AI TI-RADS Algorithm
Figure 2 displays the AI TI-RADS and ACR TI-RADS point 
values. AI TI-RADS differed slightly from ACR TI-RADS in 
all five feature categories. !e AI algorithm assigned new point 
values for eight features. Six of the eight features with new val-
ues changed by one point, while the other two features (taller 
than wide for shape and “cannot tell” for composition) each 
changed by two points. !e overall order of features within 
each category was preserved. !e highest risk features main-
tained the greatest point values. Figure 3 shows the final clas-
sification system including size cutoffs and management rec-
ommendations. An interactive AI TI-RADS calculator can be 
viewed at http://deckard.duhs.duke.edu/~ai-ti-rads.

For composition, AI TI-RADS assigned three points for solid 
or almost solid nodules and no points to the three other features 
under this category (as well as no points to “cannot tell”). For 
echogenicity, points for hypoechoic and very hypoechoic were 
the same under both systems, but AI TI-RADS assigned no 
points for other features within the category. For shape, AI TI-
RADS assigned one point for taller-than-wide shape compared 
with three points for ACR TI-RADS. For margin, an irregu-
lar and/or lobulated margin was assigned the same number of 
points in each system. For echogenic foci, AI TI-RADS assigned 
no points to macrocalcifications compared with one point in 
ACR TI-RADS. !e other feature point assignments under the 
echogenic foci category were the same for both systems.

Comparing AI TI-RADS with ACR TI-RADS
When both systems were applied to the test set of 100 nodules, 
AI TI-RADS assigned lower TI-RADS risk levels than did ACR 
TI-RADS for 43 nodules. Specifically, five nodules were down-
graded from TR5 to TR4, 11 nodules were changed from TR4 

(7). Genetic algorithms are a part of computational intelligence 
methods, a subgroup of AI methods that focus on algorithms 
inspired by natural selection and its genetic underpinnings. 
Specifically, a population of individuals is simulated by a com-
puter algorithm in which each individual represents a solution 
to a problem. In this instance, the solution was a set of points 
for different thyroid nodule features. Each individual (repre-
senting a possible solution) was evaluated in terms of its “fit-
ness,” which reflected how accurately the set of points could 
predict malignancy. !rough multiple iterations (“genera-
tions”), individuals with better performance were prioritized 
and multiplied. !is process was repeated 50 times, and even-
tually a single best solution was presented. !is optimized set of 
AI TI-RADS points had the same form as did the original ACR 
TI-RADS, but with different point values for some features. 
!erefore, the proposed system could immediately be used in 
the same manner as ACR TI-RADS. Additional details of the 
genetic algorithm are presented in Appendix E1 (online) and 
the following link can be accessed for additional code details: 
https://github.com/mateuszbuda/AI-TI-RADS/releases/tag/v1.0.

Comparing AI TI-RADS with ACR TI-RADS
After new point values were assigned to some TI-RADS fea-
tures, the two systems were applied to the test set as interpreted 
by the expert reader. !e test set was also interpreted by 11 
other radiologists as part of another previously published study 
(6). !ree radiologists (F.N.T., with 34 years of experience in 
thyroid imaging; reader 5, with 26 years of experience in thy-
roid imaging; and reader 6, with 31 years of experience in thy-
roid imaging; all members of the ACR TI-RADS committee) 
independently interpreted the 100 nodules and their consen-
sus was taken as the best possible performance for the test set. 
!e eight other radiologist readers (two academic, six general 
private practice [range, 3–32 years of experience in thyroid im-
aging]) had not routinely used ACR TI-RADS at the time of 
interpretation. After initial training, they assigned features to 
each nodule according to ACR TI-RADS, and points and risk 
categories were assigned by using both systems.

Statistical Analysis
By using the single-expert reader data, the area under the re-
ceiver operating curve, sensitivity, and specificity were calcu-

Figure 1: Flowchart illustrates exclusion criteria and final study 
population. FNA = fine-needle aspiration.
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Table 3: Distribution of TI-RADS Features across the Training and Test Sets

Feature
Training Benign  
(n = 1189)

Training Malignant  
(n = 136) Test Benign (n = 85) Test Malignant (n = 15)

Composition
 Cystic or almost completely cystic 3 (0.3) 0 (0.0) 0 (0.0) 0 (0.0)
 Spongiform 119 (10.0) 0 (0.0) 11 (12.9) 0 (0.0)
 Mixed cystic and solid 480 (40.4) 20 (14.7) 39 (45.9) 0 (0.0)
 Solid or almost completely solid 580 (48.8) 116 (85.3) 35 (41.2) 15 (100)
 Cannot tell 7 (0.6) 0 (0.0) 0 (0.0) 0 (0.0)
Echogenicity
 Anechoic 0 (0.0) 0 (0.0) 0 (0.0) 0 (0.0)
 Hyperechoic 146 (12.3) 7 (5.1) 20 (23.5) 2 (13.3)
 Isoechoic 473 (39.8) 22 (16.2) 31 (36.5) 3 (20.0)
 Hypoechoic 497 (41.8) 89 (65.4) 33 (38.8) 7 (46.7)
 Very hypoechoic 38 (3.2) 15 (11.0) 1 (1.2) 3 (20.0)
 Cannot classify 35 (2.9) 3 (2.2) 0 (0.0) 0 (0.0)
Shape
 Taller than wide 119 (10.0) 25 (18.4) 9 (10.6) 2 (13.3)
 Not taller than wide 1070 (90.0) 111 (81.6) 76 (89.4) 13 (86.7)
Margin
 Smooth 830 (69.8) 75 (55.1) 64 (75.3) 5 (33.3)
 Ill-defined 272 (22.9) 25 (18.4) 14 (16.5) 1 (6.7)
 Irregular and/or lobulated 81 (6.8) 34 (25.0) 4 (4.7) 9 (60.0)
 Extrathyroidal extension 0 (0.0) 0 (0.0) 0 (0.0) 0 (0.0)
 Cannot classify 6 (0.5) 2 (1.5) 3 (3.5) 0 (0.0)
Echogenic foci
 No echogenic foci 714 (60.1) 44 (32.4) 53 (62.4) 3 (20.0)
 Large comet-tail artifacts 87 (7.3) 2 (1.5) 7 (8.2) 1 (6.7)
 Macrocalcifications 167 (14.0) 26 (19.1) 8 (9.4) 3 (20.0)
 Peripheral calcifications 42 (3.5) 11 (8.1) 0 (0.0) 1 (6.7)
 Punctate echogenic foci 266 (22.4) 74 (54.4) 22 (25.9) 10 (66.7)

Note.— Data are numbers of nodules, with percentages in parentheses. Nodules could have more than one type of echogenic focus. TI-
RADS = !yroid Imaging Reporting and Data System.

Table 2: Patient Demographics and Nodule Characteristics in the Training and Test Sets

Demographic Training Benign (n = 1189) Training Malignant (n = 136) Test Benign (n = 85) Test Malignant (n = 15)
Sex*
 Female 874 (81.9) 99 (78.0) 62 (77.5) 10 (71.4)
 Male 186 (17.4) 27 (21.3) 17 (21.3) 3 (21.4)
 Unknown 7 (0.7) 1 (0.8) 1 (1.3) 1 (7.1)
Age (y)† 53.4 6 13.7 (18–93) 50.1 6 15.5 (21–89) 53.7 6 13.7 (26–82) 46.1 6 13.2 (19–68)
 Female 52.6 6 13.6 (18–93) 49.0 6 16.1 (21–89) 52.7 6 13.6 (26–82) 42.7 6 13.5 (19–62)
 Male 56.8 6 13.7 (18–82) 55.1 611.7 (25–78) 58.9 6 12.1 (31–76) 56.0 6 8.5 (49–68)
Mean nodule size (cm)‡ 2.7 6 1.5 2.0 6 1.3 2.8 6 1.3 2.2 6 1.2
ACR TI-RADS risk level
 TR1 122 (10.3) 0 (0.0) 11 (12.9) 0 (0.0)
 TR2 181 (15.2) 2 (1.5) 14 (16.5) 0 (0.0)
 TR3 250 (21.0) 16 (11.8) 19 (22.4) 0 (0.0)
 TR4 468 (39.4) 40 (29.4) 32 (37.6) 3 (20.0)
 TR5 168 (14.1) 78 (57.4) 9 (10.6) 12 (80.0)

Note.—Unless otherwise specified, data are numbers of nodules, with percentages in parentheses. ACR = American College of Radiology, 
TI-RADS = !yroid Imaging Reporting and Data System.
* Denotes number of patients within each category. Numbers in parentheses represent percentage within a given group (benign, malignant).
† Data are means 6 standard deviation, with ranges in parentheses.
‡ Data are means 6 standard deviation.
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TR2 to TR1. !ere were no nodules for which AI TI-RADS as-
signed a higher risk level than did ACR TI-RADS. Ultimately, 
the new risk level assignments resulted in 15 nodules for which 

to TR3, three nodules were lowered from TR4 to TR2, two 
nodules were changed from TR4 to TR1, eight nodules were 
lowered from TR3 to TR2, and 14 nodules were reassigned from 

Figure 2: Image shows comparison of American College of Radiology (ACR) Thyroid Imaging Reporting and Data System (TI-RADS) to Artificial 
Intelligence (AI) TI-RADS. Multiple new point assignments were designated by algorithm, including changing point values to zero for several features.

Figure 3: Image shows Artificial Intelligence (AI) Thyroid Imaging Reporting and Data System (TI-RADS) classification scheme, including nodule 
sizes that dictate follow-up recommendations. Nodule size cutoffs were kept the same as American College of Radiology TI-RADS. FNA = fine-
needle aspiration, TR = TI-RADS category.
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By using the single-expert reader data, the area under the re-
ceiver operator curves for each system were similar: 0.91 (95% 
confidence interval [CI]: 0.82, 0.98) for ACR TI-RADS and 
0.93 (95% CI: 0.85, 0.98) for AI TI-RADS (P = .18). !eir 
sensitivities (for detection of malignancy through recommenda-
tion of fine-needle aspiration) were the same (14 of 15, 93.3%; 
95% CI: 77%, 100% for both), whereas the specificity of AI TI-
RADS (55 of 85, 64.7%; 95% CI: 54%, 74%) was higher than 
was ACR TI-RADS (40 of 85, 47.0%; 95% CI: 37%, 57%) 
(P , .001) (Fig 6).

When ACR TI-RADS and AI TI-RADS were applied to the 
test set interpretation of the eight nonexpert radiologists, AI 
TI-RADS had higher specificity than did ACR TI-RADS for 
every reader. Mean specificity of the eight readers by using AI 
TI-RADS was 55.3% 6 12.8 compared with 47.5% 6 12.3 
by using ACR TI-RADS (P , .001) (Table 4). !e sensitivity 
of AI TI-RADS was lower for five of the eight nonexpert ra-
diologists, although the mean sensitivity was not significantly 
lower (Table 4). Performance for the expert panel was similar, 
although the small increase in specificity was not statistically 
significant (Table 4).

Discussion
Risk stratification systems for thyroid nodules at US are often 
affected by low specificity and poor interobserver agreement. 
We applied a machine learning technique to American Col-
lege of Radiology (ACR) !yroid Imaging Reporting and Data 
System (TI-RADS) to optimize the performance of the system 
while still maintaining the TI-RADS lexicon and structure. Our 
data-driven artificial intelligence (AI)–optimized version of  
TI-RADS (hereafter, AI TI-RADS) validates ACR TI-RADS: 
feature point allocations were the same for 15 of 23 features, and 

ACR TI-RADS recommended fine-needle aspiration but AI TI-
RADS did not, and all 15 nodules were benign (examples shown 
in Figs 4, 5). !ere were no nodules for which AI TI-RADS rec-
ommended fine-needle aspiration but ACR TI-RADS did not.

Figure 4: Image in a 72-year-old woman with 
right thyroid nodule. Transverse US image shows 
mixed cystic and solid, isoechoic, taller-than-wide 
nodule. Its features earn five total points accord-
ing to American College of Radiology (ACR) 
Thyroid Imaging Reporting and Data System 
(TI-RADS) with risk level of TR4 and recommen-
dation for fine-needle aspiration (FNA). Nodule 
earns only one point by using Artificial Intel-
ligence (AI) TI-RADS with risk level of TR1 and 
no recommendation for FNA. Pathologic finding 
at FNA was benign nodule. Calipers were in-
cluded in all images as part of automated nodule 
detection process.

Figure 5: Image in a 66-year-old man with right 
thyroid nodule. Long US image shows mixed cystic and 
solid hypoechoic nodule. This nodule earns three points 
according to American College of Radiology (ACR) Thy-
roid Imaging Reporting and Data System (TI-RADS) with 
risk level of TR3 and recommendation for biopsy. Nodule 
earns only two points with Artificial Intelligence (AI) 
TI-RADS with risk level of TR2 and no recommendation 
for fine-needle aspiration (FNA). FNA revealed benign 
thyroid nodule. Calipers were included in all images as 
part of automated nodule detection process.

Figure 6: Box and whisker plot shows sensitivity and specificity 
for American College of Radiology (ACR) Thyroid Imaging Reporting 
and Data System (TI-RADS) compared with Artificial Intelligence (AI) 
TI-RADS. Boxes correspond to 25th and 75th percentiles for eight non-
expert readers. Whiskers denote maximum and minimum values, and 
green line represents median. Red squares represent expert consensus, 
and blue triangles represent single expert reader. Sensitivity of both 
systems was similar, while specificity was higher for all groups when 
using AI TI-RADS.
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values suggest that ACR TI-RADS may be simplified (Fig 2). 
For example, in the composition category, nodules are assigned 
four different possible point values in ACR TI-RADS, whereas 
our AI TI-RADS model assigned three points to solid nodules 
and zero points for all other types. !is simplified scheme, which 
focuses on solid nodules, aligns with data from Middleton et al 
(8), who showed that solid nodules had four times higher risk of 
malignancy than did mixed cystic and solid nodules. Two meta-
analyses (14,15) have also shown that solid composition confers 
some degree of risk, but they did not directly compare them to 
mixed cystic and solid nodules. !is modification would allow 
a reader to focus on only one feature within the composition 
category and may improve efficiency.

AI TI-RADS point assignment in the echogenic foci category 
also differed. Peripheral calcifications and punctate echogenic 
foci were unchanged, but AI TI-RADS assigned zero points 
to macrocalcifications (compared with one point for ACR TI-
RADS). !is would simplify a category that already contains 
multiple features with low interobserver variability compared 
with other TI-RADS features (6). !is modification highlights 
ongoing uncertainty regarding the clinical importance of macro-
calcifications (16–18). Some studies (19) suggest that they con-
fer a higher degree of risk than originally thought, whereas other 
studies (8) suggest that this feature is less suspicious than are 
punctate echogenic foci or peripheral calcifications. Although 
the allocation of zero points does not imply zero risk, this sug-
gests that macrocalcifications are less suspicious than are punc-
tate echogenic foci or peripheral calcifications based on our data.

!e three remaining TI-RADS categories—echogenicity, 
shape, and margin—were also simplified by AI TI-RADS. !e 
algorithm eliminated points for hyperechoic and isoechoic nod-
ules in the echogenicity category but preserved two and three 
points for the higher-risk hypoechoic and very hypoechoic fea-
tures. AI TI-RADS also reduced the number of points for taller-
than-wide nodules from three to one, a result that contradicts 
studies that showed taller-than-wide shape as a high-risk and 
specific marker of malignancy (14,15,20). !e reason for this is 
unclear, but may be related to low sample size.

Our study had some limitations. !e training set was col-
lected from a single institution and feature assignments were 
based on expert readers. Although there was potential for 

the highest risk features maintained the highest point values. 
However, alterations in point assignments under AI TI-RADS 
suggest that ACR TI-RADS may be simplified, as six features 
were assigned new point values of zero. Despite simplification, 
our results show a modest increase of 7% in mean specificity 
when applied to eight nonexpert radiologists.

ACR TI-RADS was based on literature review, expert con-
sensus, and partial analysis of a database of proven nodules, and 
early studies of the system are encouraging. !e system was vali-
dated in a multi-institutional study of more than 3400 nodules 
(8), and more recent retrospective studies have shown that it re-
duces nodule biopsy recommendations and improves accuracy 
compared with other biopsy guidelines (9–12). !e point as-
signments derived from our AI TI-RADS model were similar to 
those of the ACR version, adding to the growing body of evi-
dence supporting its use. Although point values in our AI model 
were different for eight features, most changed by only one 
point. Moreover, the area under the receiver operating curves 
for our data set by using ACR TI-RADS and AI TI-RADS were 
similar (0.91 and 0.93, respectively) and higher than that de-
scribed in a recent analysis by Pantano et al (9) (area under the 
receiver operating curve, 0.78). Overall, our data support ACR 
TI-RADS.

ACR TI-RADS and our AI TI-RADS model had compa-
rable receiver operating characteristic performance by using 
interpretations by two experts, although AI TI-RADS yielded 
slightly higher specificity and fewer recommendations for fine-
needle aspiration. When applied to eight nonexpert readers, AI 
TI-RADS again had a small but statistically significant increase 
in specificity and minimal impact on sensitivity. !is achieves a 
central aim of ACR TI-RADS: to focus on clinically significant 
thyroid cancers and to reduce fine-needle aspiration of benign 
nodules (5). It has been reported that overdiagnosis accounts for 
up to 77% of cases of thyroid cancer (4) and that more thyroid 
cancer diagnoses do not reduce mortality (13). !erefore, a small 
reduction in sensitivity seems acceptable in light of a larger gain 
in specificity. As well, many nodules not biopsied would meet 
the criteria for follow-up, mitigating the likelihood of missing 
cancers while potentially reducing health care costs.

Although AI TI-RADS had substantial overlap with and 
similar performance to ACR TI-RADS, the altered feature 

Table 4: Performance Comparison for Three Different Sets of Readers When Using ACR TI-RADS versus AI TI-RADS

ACR TI-RADS AI TI-RADS

Reader Sensitivity (%) Specificity (%) Sensitivity (%) P Value Specificity (%) P Value
Single expert reader 14/15 (93.3) 

[77.2, 100]
40/85 (47.1) 
[37.3, 57.1]

14/15 (93.3) 
[77.2, 100]

NA 55/85 (64.7) 
[54.5, 74]

, .001

Mean of eight nonexpert  
 readers*

81.7 (62.5, 97.7) 47.7 (36.4, 59.0) 82.5 (64.1, 97.7) P . .5 55.3 (43.7, 66.6) , .001

Expert panel consensus 13/15 (86.7) 
[66.7, 100.0]

43/85 (50.6) 
[40.3, 61.0]

13/15 (86.7) 
[66.7, 100.0]

NA 46/85 (54.1) 
[43.7, 64.6]

.10

Note.—Unless otherwise specified, data are numerators and denominators, with percentages in parentheses and 95% confidence intervals 
in brackets. P values reflect comparison of American College of Radiology (ACR) !yroid Imaging Reporting and Data System (TI-RADS) 
to Artificial Intelligence (AI) TI-RADS within a reader group.
* Data in parentheses are 95% confidence intervals.
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overfitting given that an expert reader interpreted cases in both 
the training and test sets, the eight general radiologists were 
only interpreting the test set and performed relatively similarly 
to the expert, suggesting a reasonable fit for the model. In ad-
dition, a subset of features was assigned by a radiology fellow; 
however, cases were reviewed with an expert reader (member of 
the ACR TI-RADS committee), and as before, test data from 
the eight nonexpert readers and the expert consensus were not 
modified and helped to validate the model. Another limita-
tion was the possibility of bias due to the test set being taken 
from the end of the study period, when newer scanners with 
improved image quality may have become available. However, 
scanners throughout the study period were considered high 
quality. We did not use a validation set as part of our train-
ing. Rather, we used cross-validation within the training cases. 
After all the hyperparameters were selected, we fixed them and 
trained by using entire training set. We chose this approach 
because of the relatively limited number of cases available. As 
well, features of extrathyroidal extension and cystic composi-
tion did not have enough data to be analyzed. However, they 
represent extremes of the risk spectrum; the decision to biopsy 
or not is clear when either of these findings are present. We 
used integers to make new point assignments in AI TI-RADS 
to mimic ACR TI-RADS and to simplify categorization. !is 
resulted in some features earning zero points, which may falsely 
imply that a given feature confers no risk of malignancy. Be-
cause AI TI-RADS removed points for seven features and 
added points for only one feature, it is unsurprising that more 
nodules were reassigned to a lower TI-RADS level. !is would 
be expected to improve specificity (which was the case), but 
it is somewhat surprising that there was not a corresponding 
decrease in sensitivity, possibly due to the relatively small num-
ber of malignant nodules (15) in the test set. !ere were also 
limitations related to our use of the computational models. For 
example, a high dimensional input space was relatively scarcely 
represented. !erefore, for unusual inputs, it is possible that 
the model returned unexpected and difficult-to-explain results.

Nonetheless, to our knowledge, this study represents a 
unique computational validation of one of the numerous risk 
stratification systems for thyroid nodules. Continued per-
formance improvement is vital, and subsequent work could 
focus on further enhancements. Increasing the number of 
training cases represents a possible avenue for improvement. 
Future efforts could also include nodules with indeterminate 
pathologic results to broaden the mix of nodules included, 
which may enhance generalizability and performance.

In conclusion, artificial intelligence (AI)–optimized !yroid 
Imaging Reporting and Data System (TI-RADS) is a data-driven 
model for risk stratification of thyroid nodules at US that both 
validates American College of Radiology (ACR) TI-RADS and 
suggests modifications to it that may improve its performance 
and enhance applicability. Prospective studies with long-term 
follow-up will be needed to refine ACR TI-RADS and assess its 
impact on clinical outcomes.
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Abstract

IMPORTANCE Breast cancer screening is among the most common radiological tasks, with more
than 39 million examinations performed each year. While it has been among the most studied
medical imaging applications of artificial intelligence, the development and evaluation of algorithms
are hindered by the lack of well-annotated, large-scale publicly available data sets.

OBJECTIVES To curate, annotate, and make publicly available a large-scale data set of digital breast
tomosynthesis (DBT) images to facilitate the development and evaluation of artificial intelligence
algorithms for breast cancer screening; to develop a baseline deep learning model for breast cancer
detection; and to test this model using the data set to serve as a baseline for future research.

DESIGN, SETTING, AND PARTICIPANTS In this diagnostic study, 16 802 DBT examinations with at
least 1 reconstruction view available, performed between August 26, 2014, and January 29, 2018,
were obtained from Duke Health System and analyzed. From the initial cohort, examinations were
divided into 4 groups and split into training and test sets for the development and evaluation of a
deep learning model. Images with foreign objects or spot compression views were excluded. Data
analysis was conducted from January 2018 to October 2020.

EXPOSURES Screening DBT.

MAIN OUTCOMES AND MEASURES The detection algorithm was evaluated with breast-based
free-response receiver operating characteristic curve and sensitivity at 2 false positives per volume.

RESULTS The curated data set contained 22 032 reconstructed DBT volumes that belonged to 5610
studies from 5060 patients with a mean (SD) age of 55 (11) years and 5059 (100.0%) women. This
included 4 groups of studies: (1) 5129 (91.4%) normal studies; (2) 280 (5.0%) actionable studies, for
which where additional imaging was needed but no biopsy was performed; (3) 112 (2.0%) benign
biopsied studies; and (4) 89 studies (1.6%) with cancer. Our data set included masses and
architectural distortions that were annotated by 2 experienced radiologists. Our deep learning model
reached breast-based sensitivity of 65% (39 of 60; 95% CI, 56%-74%) at 2 false positives per DBT
volume on a test set of 460 examinations from 418 patients.

CONCLUSIONS AND RELEVANCE The large, diverse, and curated data set presented in this study
could facilitate the development and evaluation of artificial intelligence algorithms for breast cancer
screening by providing data for training as well as a common set of cases for model validation. The
performance of the model developed in this study showed that the task remains challenging; its
performance could serve as a baseline for future model development.

JAMA Network Open. 2021;4(8):e2119100. doi:10.1001/jamanetworkopen.2021.19100
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Introduction

Deep learning emerged mainly due to rapid increases in access to computational resources and large-
scale labeled data.1 Medical imaging is a natural application of deep learning algorithms.2 However,
well-curated data are scarce, which poses a challenge in training and validating deep learning models.
Annotated medical data are limited for a number of reasons. First, the number of available medical
images is much lower than the number of available natural images. This is particularly an issue when
investigating a condition with fairly low prevalence, such as breast cancer in a screening setting (<1%
of screening examinations result in a cancer diagnosis). Second, access to medical imaging data is
guided by a number of strict policies given that they contain patients’ medical information. Sharing of
medical imaging data requires an often nontrivial and time-consuming effort to deidentify the data
as well as ensure compliance with requirements from the institution that is sharing the data and
beyond. Finally, annotation of medical imaging data typically requires the work of radiologists, who
already have high demands on their time.

As a result, the amount of well-annotated large-scale medical imaging data that are publicly
available is limited. This is certainly a problem when training deep learning models, but it also results
in a lack of transparency when evaluating model performance.

Limited reproducibility of results has been particularly visible in mammography research,
arguably the most common radiology application of artificial intelligence (AI) in the last 2 decades.3-6

Researchers use different, often not publicly available, data sets and solve related but different
tasks.7 Moreover, studies have different evaluation strategies, which makes it difficult to reliably
compare methods and results. An AI system must be extensively validated before application in
clinical practice. A common shortcoming in many studies is that the test set was obtained from a
single institution and a limited number of devices.8 In addition, some studies make exclusions from
the data, which further obscure the true performance of the algorithms.

In this study, we aimed to address some of these challenges. First, we curated and annotated a
data set of more than 22 000 three-dimensional (3D) digital breast tomosynthesis (DBT) volumes
from 5060 patients. DBT is a new modality for breast cancer screening that, instead of projection
images (as in mammography), delivers multiple cross-sectional slices for each breast and offers
better performance.9 We are making this data set publicly available at the Cancer Imaging Archive,10

a public data hosting service for medical images of various modalities together with community
analyses that facilitate the usability of shared data sets. This will allow other groups to improve the
training of their algorithms as well as test their algorithms on the same data set, which could improve
both the quality of the models and comparison between different algorithms. This could also allow
groups that have access to strong machine learning expertise but no clinical data to contribute to the
development of clinically useful algorithms.

In addition, we developed and made publicly available a single-phase deep learning model for
the detection of abnormal results in DBT that can serve as a baseline for future development or be
used for fine-tuning in solving other medical imaging tasks. To our knowledge, this is the first
published single-phase deep learning model for DBT. Given that the major challenge of developing
the model for this task is a very limited number of positive locations, we evaluated and compared
different methods for addressing this issue.

Methods

Data Set
This study was approved by the Duke University Health System institutional review board with a
waiver of informed consent due its retrospective nature. We analyzed DBT volumes obtained from
Duke Health System, following the Standards for Reporting of Diagnostic Accuracy (STARD)
reporting guideline. Specifically, Duke Health Systems Duke Enterprise Data Unified Content
Explorer tool was queried to obtain all radiology reports having the word tomosynthesis and all

JAMA Network Open | Health Informatics Data Set and Deep Learning Algorithm for Analyzing Digital Breast Tomosynthesis Images
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pathology reports having the word breast within the search dates of January 1, 2014, to January 30,
2018. The image download based on the study dates and medical record numbers obtained from the
radiology reports resulted in an initial collection of 16 802 DBT studies from 13 954 patients
performed between August 26, 2014, and January 29, 2018, with at least 1 of the 4 reconstruction
volumes (ie, left craniocaudal [LCC], right craniocaudal [RCC], left mediolateral oblique [LMLO], and
right mediolateral oblique [RMLO]) available. From this cohort, we divided the studies into 4 groups,
as shown in the patient flowchart (Figure 1) and described below.

The normal group included 5129 screening studies from 4609 patients without any abnormal
findings that were not subject to further imaging or pathology examinations related to the study in
question. Specifically, in this group we included studies that had a Breast Imaging-Reporting and Data
System (BI-RADS) score of 1; had LCC, LMLO, RCC, and RMLO reconstruction views available; did not
use the words mass or distortion in the corresponding radiology report, and did not contain spot
compression among the 4 views. Spot compression was established based on text processing of
radiology reports combined with visual inspection of images. Studies with images containing foreign
objects other than implants and markers (n = 13) and studies from patients who had biopsied mass
or architectural distortion based on a different DBT study (n = 9) were excluded.

The actionable group included 280 studies from 278 patients that resulted in further imaging
examination based on a mass or architectural distortion noted in the study report. Specifically, we
included studies that had a recommendation for a further imaging examination based on a mass or
architectural distortion noted in the study report; did not result in a biopsy; had LCC, LMLO, RCC, and
RMLO reconstruction views available; and did not contain spot compression among the 4 views. Spot
compression was established in the same manner as in the normal group. Studies with images
containing foreign objects other than implants and markers (n = 2) and studies from patients that
had biopsied mass or architectural distortion based on a different DBT study (n = 2) were excluded.

The benign group included 112 studies from 112 patients containing benign masses or
architectural distortions biopsied based on this DBT examination. Specifically, in this group we
included studies that had a BI-RADS score of 0, 4, 4A, 4B, 4C, or 5; had a mass or architectural
distortion that was seen in the DBT imaging study in question that was identified using laterality

Figure 1. Patient Flowchart

16 802 DBT examinations (from 13 954) with ≥1 reconstruction view available in Duke Health System
performed between August 26, 2014, and January 29, 2018

22 Excluded
13 Images containing

foreign object
9 Patient had biopsied

mass or AD based on
a different study

BI-RADS score of  1

Without spot compression
 views

LCC, LMLO, RCC, and RMLO
 reconstruction views
 available

1515 DBT examination (from
4631 patients) included in
normal group with

5129 Examinations (from 4609
patients) with 20 516
reconstruction views included

1 Excluded beause of mass
or AD ornly viisible on 
spot compression view

Further imaging examination
 based on mass or AD noted in
 study report
No biopsy
LCC, LMLO, RCC and RMLO
 reconstruction views available
 No spot compression views

284 DBT examination (from
 282 patients) included in
 actionable group with

280 Examinations (from 278 patients)
with 1120 reconstruction views
included

4 Excluded
2 Images containing

foreign object
2 Patient had biopsied

mass or AD based on
a different study

BI-RADS score of 0, 4, 4A, 4B, 4C,
 or 5
Mass or AD seen in DMT images
DMT images

Negative biopsy results

Mass or AD biopsied
Mass or AD located by radiologist
in provided images

113 DBT examination (from
 113 patients) included in
 benign group with

112 Examinations (from 112 patients)
with 1120 reconstruction views
included

42 Excluded because mass or
AD only visible on spot
compression view

BI-RADS score of 0, 4, 4A, 4B, 4C,
 or 5
Mass or AD seen in DMT images
DMT images

Biopsy results indicating cancer
 (invasive or DCIS)

Mass or AD biopsied
Mass or AD located by radiologist
in provided images

131 DBT examination (from
 130 patients) included in
 benign group with

89 Examinations (from 89 patients)
with 173 reconstruction views
included

AD indicates architectural distortion; BI-RADS, Breast Imaging-Reporting and Data System; DBT, digital breast tomosynthesis; LCC, left craniocaudal; LMLO, left mediolateral oblique;
RCC, right craniocaudal; RMLO, right mediolateral oblique.
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and/or location noted in a related breast pathology report and was biopsied; had benign results of all
biopsies per the pathology reports; and a radiologist was able to retrospectively locate at least 1 of
the biopsied benign masses or architectural distortions in the reconstruction views from the study.
One study for which the biopsied mass was visible only on spot compression views was excluded.

The cancer group included 89 studies from 89 patients with at least 1 cancerous mass or
architectural distortion that was biopsied based on this DBT examination. Specifically, we included
studies that had a mass or architectural distortion seen in the DBT images that was identified using
laterality and/or location noted in a related breast pathology report and was biopsied; had at least 1
biopsied mass or architectural distortion corresponding to cancer (invasive or ductal carcinoma in
situ) per the pathology report; and a radiologist was able to retrospectively locate at least 1 of the
biopsied cancerous mass or architectural distortion in the reconstruction views from the study.
Studies for which all cancerous masses or architectural distortions were visible only on spot
compression views (n = 42) were excluded. More details on the exclusion of cases from the initial
population are provided in eAppendix 1 in the Supplement.

Training, Validation, and Test Sets
In total, our data set contained 22 032 reconstructed volumes that belonged to 5610 studies from
5060 patients. It was randomly split into training, validation, and test sets in a way that ensured no
overlap of patients between the subsets. The test set included 460 studies from 418 patients. For the
validation set, we selected 312 studies from 280 patients, and the remaining 4838 studies from 4362
patients were in the training set. The selection of cases from the benign and cancer groups into the
test and validation sets was performed to assure a similar proportion of masses and architectural
distortions. Descriptive statistics for all the subsets are provided in Table 1.

Image Annotation
Study images along with the corresponding radiology and pathology reports for each biopsied case
were shown to 2 radiologists at our institution (R.W. and S.G.) for annotation. We asked the
radiologists to identify masses and architectural distortions that were biopsied and to put a
rectangular box enclosing them in the central slice using a custom software developed by a
researcher (N.L.) in our laboratory. Each case was annotated by 1 of 2 experienced radiologists. The
first radiologist, with 25 years of experience in breast imaging (R.W.), annotated 124 cases, whereas
the second radiologist, with 18 years of experience in breast imaging (S.G.), annotated 77 cases. This
way we obtained 190 bounding boxes for cancerous lesions in 173 reconstruction views and 245
bounding boxes for benign lesions in 223 reconstruction views. There were 336 and 99 bounding
boxes for masses and architectural distortions, respectively, across cancerous and benign lesions.

Table 1. Descriptive Statistics of the Data Set Used for Training, Validation, and Testing

Characteristics

No.

Training set Validation set Test set
Patients

Total 4362 280 418

Normal group, No. (%) 4109 (94.2) 200 (71.4) 300 (71.8)

Actionable group, No. (%) 178 (4.1) 40 (14.2) 60 (18.9)

Benign group, No. (%) 62 (1.4) 20 (7.1) 30 (7.2)

Cancer group, No. (%) 39 (0.9) 20 (7.1) 30 (7.2)

Studies 4838 312 460

Reconstruction volumes 19 148 1163 1721

Bounding boxes for cancerous lesions 87 37 66

Bounding boxes for benign lesions 137 38 70

Bounding box diagonal, mean (SD), pixels 344 (195) 307 (157) 317 (166)
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Baseline Algorithm
Preprocessing
First, we applied a basic preprocessing by window leveling images based on information from the
Digital Imaging and Communications in Medicine file header. Then, each slice was downscaled by a
factor of 2 using 2 × 2 local mean filter to reduce computational and memory footprint. After that, we
eroded nonzero image pixels with a filter of 5-pixel radius for skin removal. Finally, we extracted the
largest connected component of nonzero pixels for segmenting the breast region.

Detection Algorithm
For a baseline method to detect lesions, we used a single-phase fully convolutional neural network
for 2-D object detection11 with DenseNet12 architecture. The model processes each 2-D input slice
independently. Following this,11 raw model predictions correspond to a grid in the input slice image
with cells sized 96 × 96 pixels. For each cell, the network outputs a confidence score for containing
the center point of a box and 4 values defining the location and dimensions of the predicted box. A
bounding box is defined by offset from the cell center point as well as scale in relation to a square
anchor box sized 256 × 256 pixels.13 Each cell was restricted to predicting exactly 1 bounding box.

The network was optimized using Adam,14 with an initial learning rate of 0.001 and batch size of
16 for 100 epochs over positive examples and early stopping strategy with a patience of 25 epochs.
Weights were randomly initialized using the Kaiming method,15 and biases in the last layer were set
according to Lin et al.16

For training, we sampled positive slices containing ground truth boxes from volumes belonging
to the biopsied groups. The number of positive slices (ie, slices containing a tumor) was established
as the square root of the average dimension in pixels of the box drawn by a radiologist on the center
slice of the tumor. The ground truth 3-D box was defined by the 2-D rectangle drawn by the
radiologist with the third dimension defined by the number of slices, as described previously. Then,
we randomly cropped a slice image to a size of 1056 × 672 pixels, which resulted in an output grid
sized 11 × 7 pixels so that the cropped slice image included the entire ground truth bounding box. For
validation, the slice span of ground truth boxes was reduced by a factor of 2 compared with the
training phase, and we fixed selected slice and cropped slice image regions for each case. This was
done to ensure comparable validation performance was measured based on the same input slice for
all runs and across epochs. All hyperparameters and algorithmic strategies described previously were
decided on the validation set.

During inference, we used entire image slices as the input and padded them with zeros when
necessary to match the label grid size. To obtain predictions for a volume, we split it into halves and
combined slice-based predictions for each half by averaging them. Then, we applied the following
postprocessing. First, predicted boxes for which fewer than half the pixels were in the breast region
were discarded to eliminate false-positive predictions outside of the breast. Then, we applied a
nonmaximum suppression algorithm17 by merging all pairs of predicted boxes that had a confidence
score ratio of less than 10 and an intersection over union greater than 50%. The confidence score
of a resulting box was a maximum of scores from the 2 merged boxes.

Experiments
To provide an insight into the effects of different hyperparameters on the performance, we
performed a grid search over different network sizes and objectness loss functions that address the
problem of class imbalance.18 Our problem was characterized by a significant imbalance between the
bounding boxes corresponding to lesions and background class that the network learns to distinguish
in the training process. The 4 tested loss functions for addressing this problem were: (1) binary
cross-entropy, (2) weighted binary cross-entropy, (3) focal loss,16 and (4) reduced focal loss.19

Weighted binary cross-entropy assigns different weights to positive and negative examples based on
class prevalence. Focal loss is a parametrized loss function that reduces the importance of examples
that are correctly classified without high confidence, as shown in eAppendix 1 in the Supplement.
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Finally, reduced focal loss is equivalent to binary cross-entropy for examples misclassified with a
confidence lower that 0.5, and after this threshold, loss value is gradually reduced to focal loss. For
bounding box localization loss, we used mean squared error as in Redmon et al.11 In total, we trained
768 models, and the results from all runs are provided in eAppendix 2 in the Supplement. The code
for all experiments and network architecture together with the trained model weights are publicly
available.20

In the grid search, model selection was based on the sensitivity at 2 false positives per slice
computed on the validation set after every epoch. For each loss function, we selected the best
performing model for 3-D evaluation on the entire validation set. Following this 3-D evaluation, the
model with the highest sensitivity at 2 false positives per DBT volume on the validation set was used
to generate predictions on the test set for the final evaluation.

Final Model Evaluation on the Test Set
For the final evaluation of the baseline detection algorithm, we used the free-response receiver
operating characteristic (FROC) curve, which shows the sensitivity of the model in relation to the
number of false-positive predictions placed in slice images, volumes, or cases. A predicted box was
considered a true positive if the distance between its center point and the center of a ground truth
box was either smaller than half of the ground truth box diagonal or smaller than 100 pixels. The
additional 100 pixels condition was implemented to prevent punishing correct detections for very
small lesions with unclear boundaries. In terms of the third dimension, the ground truth bounding
box was assumed to span 25% of volume slices before and after the ground truth center slice, and
the predicted box center slice was required to be included in this range to be considered a true
positive.

In addition to the volume-based evaluation described above, we evaluated the accuracy of
model predictions using breast-based FROC. In this case, a prediction for a breast was considered
true positive if any lesion on any view for this breast was detected according to the criteria described
above. This metric most accurately reflects the model performance in a clinical setting.

Statistical Analysis
For the final evaluation of the baseline detection algorithm, we used the FROC curve, which shows
the sensitivity of the model in relation to the number of false-positive predictions placed in slice
images, volumes, or cases. Sensitivity values are reported together with 95% CIs, which were
computed using bootstrapping with 2000 bootstraps. For this, we used an open-source statistical
tool implemented in Python.21

Results

The number of patients in the data set was 5060, with 5059 women (100.0%) and 1 man (<0.1%).
The mean (SD) age at the date of patient’s first examination included in our data set was 55 (11) years.
Age statistics were computed based on 5059 patients. The date of birth for 1 patient was unknown.
Table 2 provides demographic characteristics for patients in our data set.

Performance on the Validation Set
All tested loss functions performed similarly, with the best configuration for each loss achieving
greater than 78% sensitivity at 2 false positives per slice. Using the best model from the grid search
for each loss function in the 2-D per-slice evaluation, we ran inference and evaluated selected models
on the entire validation set using the 3-D per-volume evaluation. The best performance, with 60%
sensitivity at 2 false positives per DBT volume, was achieved by the network trained using focal loss.
In comparison, sensitivity at the same threshold achieved by binary cross-entropy and weighted
binary cross-entropy was 59%, whereas reduced focal loss obtained 58%. The model trained using

Table 2. Characteristics of Patients
in the Data set

Characteristic
Participants,
No. (%)

Age, mean (SD), y 55 (11)

Missing age 1 (<0.1)

Sex

Women 5059 (100.0)

Men 1 (<0.1)

Race

White 3700 (73.1)

Black or African American 957 (18.9)

Asian 180 (3.6)

American Indian
or Alaskan Native

11 (0.2)

Native Hawaiian or other
Pacific Islander

2 (<0.1)

Othera 52 (1.0)

≥2 races 56 (1.1)

Not reported, declined,
or unavailable

102 (2.0)

a The other category was present in the original
data, and it was not specified what groups were
included.
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focal loss was selected for evaluation on the test set. More details on the grid search results and FROC
curves on the validation set are provided in eAppendix 1 in the Supplement.

Performance on the Test Set
Using a model trained by optimizing focal loss function, we generated predictions for the test set.
The model achieved a sensitivity of 42% (95% CI, 35%-50%) at 2 false positives per DBT volume as
shown on the FROC curve in Figure 2. Better performance was reached on the cancer cases than on
benign cases.

Finally, we evaluated the selected model using breast-based FROC computed on the test set. In
this case, sensitivity at 2 false positives per DBT volume for test cases with cancer and all test cases
was 67% (95% CI, 53%-80%) and 65% (95% CI, 56%-74%), respectively. The breast-based FROC
curve for the test set is shown in Figure 3.

Discussion

In this study, we described a large-scale data set of DBT examinations containing data for 5060
patients that we shared publicly. We also trained the first single-phase detection model for this data
set that will serve as a baseline for future development.

Figure 2. Free-Response Receiver Operating Characteristic Curve Showing Performance on the Test Set
of a Model Trained Using Focal Loss
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Figure 3. Breast-Based Free-Response Receiver Operating Characteristic Curve for the Test Set
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Our study included annotations for both masses and architectural distortions. Those abnormal
findings appear differently in DBT images and therefore constitute a more challenging task for an
automated algorithm. A model that focuses on a single task (such as many previously published
models for breast imaging) could show overoptimistic performance. This more inclusive data set
more accurately represents true clinical practice of breast cancer screening. Furthermore, our data
set, which includes normal and actionable cases, is representative of a screening cohort.

Our detection model was developed using only 124 and 175 bounding boxes for cancerous and
benign lesions, respectively. No pretraining on other data sets or similar modalities was used. In
addition, our detection method is a single-phase deep convolutional neural network, which does not
require multiple steps for generating predictions. We showed that a moderate performance can be
achieved with a limited training data. In comparison, a previous study22 reported sensitivity less than
20% at 2 false positives per volume for a model trained from scratch using only DBT data without
pretraining on a much larger data set of mammograms. In another study,23 a sensitivity of greater
than 80% at 2 false positives per volume was reached for a data set containing only architectural
distortions. In Fan et al,24 a 3-D deep learning model was developed that achieved 90% sensitivity at
0.8 false positives per volume on a data set containing only abnormal images with masses.

The methods for evaluating performance of detection algorithms vary. The method used in this
study is robust to models predicting large bounding boxes as opposed to evaluation methods that
consider a predicted box as a true positive if it contains the center point of the ground truth box. In
our study, the center point of the predicted box was required to be contained in the ground truth box
as well. Furthermore, we were solving a 3-D detection task, which generates a higher number of false
positives than 2-D detection tasks. While the performance of our model is not comparable with the
performance of radiologists, our goal was to set a baseline for a model that is trained only on the
provided data and without access to large-scale computer clusters.

Limitations
This study had limitations. First, the data set contains images that were collected from a single
institution. Second, we did not include annotations for calcifications and/or microcalcifications
because they are notably different visual structures in the context of a computer vision detection
system. Detection of calcifications was outside of our research goals when assembling this data set.
This may produce a different composition of DBT volumes than typically encountered in a clinical
setting. Third, the number of biopsied cases was much smaller than the number of images without
bounding boxes. However, this reflects the prevalence of cancers in screening populations.

Images in the data set were interpreted by several radiologists, and the assignment of studies
to groups was made, among other criteria, based on BI-RADS score, which is known to have high
interreader variability. Moreover, for the first 6 to 12 months of DBT adoption at our institution,
radiologists relied on both DBT and mammography for BI-RADS score assignment, and they gradually
moved to diagnosis based on DBT and C-view.

Given that our criteria for a normal examination was the assessment of a radiologist for that
examination, there exists a slight possibility that a cancer was detected in a follow-up examination
that could then be retrospectively visible on the examination that was considered normal. However,
this is a highly unlikely scenario.

Additionally, our baseline model achieved slightly better performance on test cases from the
cancer group compared with the benign group. This could be explained by the fact that cancerous
lesions in our data set or in general are easier to detect by a computer vision algorithm.

Conclusions

In this study, we curated and annotated a publicly available data set of DBT volumes for future
training and validation of AI tools. All the factors described previously make this data set a
challenging but realistic benchmark for the future development of methods for detecting masses
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and architectural distortions in DBT volumes. These factors, including different types of abnormal
results, exclusions of different types of cases, and different evaluation metrics, make it difficult to
compare our method with those previously presented in the literature.22,25,26 This further underlines
the importance of the data set shared in this study.
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Deep learning has shown tremendous potential in the task of object detection in images. However, 
a common challenge with this task is when only a limited number of images containing the 
object of interest are available. This is a particular issue in cancer screening, such as digital breast 
tomosynthesis (DBT), where less than 1% of cases contain cancer. In this study, we propose a method 
to train an inpainting generative adversarial network to be used for cancer detection using only 
images that do not contain cancer. During inference, we removed a part of the image and used the 
network to complete the removed part. A significant error in completing an image part was considered 
an indication that such location is unexpected and thus abnormal. A large dataset of DBT images 
used in this study was collected at Duke University. It consisted of 19,230 reconstructed volumes from 
4348 patients. Cancerous masses and architectural distortions were marked with bounding boxes by 
radiologists. Our experiments showed that the locations containing cancer were associated with a 
notably higher completion error than the non-cancer locations (mean error ratio of 2.77). All data used 
in this study has been made publicly available by the authors.

Deep learning methods have been shown to be highly successful in the analysis of medical images1. However, 
typically a large amount of data is needed to train accurate models. The collection of a large numbers of cases is 
particularly challenging when attempting to work with rare diseases. In screening populations, the prevalence 
of some diseases can be as low as 1%, resulting in a large number of normal exams, yet very few exams depicting 
abnormalities. One of the domains where we can observe such low prevalence is mammography, imaging exams 
intended to detect breast cancer in otherwise healthy women. Based on2, only 9812 out of 1,682,504 screening 
mammograms examinations performed between 2007 and 2013 consisted of cancerous alternations, resulting 
in an approximately 0.6% ratio between positive and negative test results. The three-dimensional, more modern 
form of mammography, called digital breast tomosynthesis (DBT) may find a slightly larger number of cancers 
since it provides better lesion visibility when compared with analog mammography or full-field digital mam-
mography (FFDM)3. However, the prevalence of abnormal results remains very low.

Such imbalance in the training dataset causes significant problems when training deep learning algorithms 
and has been shown to negatively affect model performance4. In detection tasks, training difficulty already arises 
from the very limited number of images that contain abnormalities, but as in the case of mammography, this is 
made even worse when combined with the fact that the abnormalities themselves occupy relatively small parts 
of the images. Therefore, in order to make some sort of meaningful training progress, it becomes crucial to 
effectively utilize images that do not contain abnormalities, which are available in abundance.

Current supervised deep learning-based detection algorithms are not well-designed to take advantage of 
images that do not contain abnormalities. Images without abnormalities are used in anomaly detection algorithms 
where models try to learn data distributions and, based on normal data, try to predict unusual behaviors. One of 
the approaches to utilizing images with no abnormalities is to extract feature representation from normal data 
before training models with rare abnormal data. The most popular ways of extracting features generally (1) use 
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a compression-decompression network called an autoencoder5,6or (2) involve generative adversarial networks 
(GANs) to learn data distributions7,8.

Our hypothesis is that breasts, similarly to many other objects, have a certain expected structure visible within 
images. Radiologists learn this structure by viewing thousands of breast images. Once structure is learned, an 
abnormality can be detected as a location where the tissue looks different than expected. Following this hypoth-
esis, we propose to simulate this phenomenon using a computer algorithm. Specifically, we developed an algo-
rithm that is able to fill in a missing part of an image, at a given location, with what is expected based on the rest 
of the image and based on what the algorithm has seen in tens of thousands of other images that don’t contain 
abnormalities. A state-of-the-art generative adversarial network (GAN) is used for this image completion task. 
A recent study9 have shown that image completion algorithms are able to complete images with high-quality 
patches consistent with their surroundings9. Then, if the expected image at this location is different from the 
actual image, the location is considered suspicious.

The purpose of this research is to determine whether the model trained on data without abnormalities will 
have difficulty with reconstructing previously unseen abnormal structures. The hypothesis is validated on a set 
of 70 digital breast tomosynthesis images containing cancerous lesions, by measuring completion error inside 
and outside of bounding boxes and visualizing model losses in the form of heatmaps.

While GANs have been previously used in the context of anomaly detection10, we are familiar with only one 
study that uses neural network-based image completion for this purpose. Specifically, in a study conducted by 
Haselmann et al.11, mean-squared error (MSE) was incorporated with a GAN to perform image completion 
(inpainting) abnormality detection, showing promising results but only on a relatively easy task. In this study, 
the difference between the original image and the completed image (measured by MSE) was used to determine 
whether a particular location is likely to be abnormal. Here, we extend this study by applying the concept into 
much more challenging space of medical imaging, introducing a newer attention model for image completion9 
and evaluating the performance of the model using different mask sizes, model input sizes, and losses on non-
trivial medical data.

This study has multiple contributions in terms of its technical aspect and the application. It is the first study 
that attempts to use image completion for abnormality detection in the context of medical imaging. This comes 
with a variety of challenges including high resolution images (approximately 50 times more pixels in an image 
than in11. We also introduce the generative image inpainting with contextual attention model9 in the context of 
anomaly detection. Additionally, we use the discrimination loss measure to determine abnormal-looking loca-
tions in the context of image completion. Finally, we explore the impact of hyperparameters, such as the field of 
view and mask size, on the performance of the algorithm.

Methods
Dataset.  In this study, we used a dataset of digital breast tomosynthesis (DBT) screening studies gathered 
from the Duke Health System. It contained 4829 studies collected from 4348 patients resulting in 19,230 recon-
struction volumes. There are two types of cases within the study: (1) normal and (2) cancer. For the cancer group, 
lesion bounding boxes were provided by radiologists from Duke Hospital. In the normal group, every study 
consists of left and right cranial-caudal (CC) and mediolateral-oblique (MLO) views. Studies in the cancer group 
consist of one or more CC or/and MLO views. Studies with spot compression were not included in our dataset.

The normal set was randomly divided (by patient) into two exclusive training and validation sets with 18,232 
and 928 reconstruction views respectively. In addition, we used 70 volumes from the cancer group to evaluate 
our algorithm in the context of abnormally detection. Six cases where the abnormality was contained within a 
small distance (128 pixels) from the edge of the image were removed to arrive at the 70 used volumes. From each 
volume in the normal set (training and validation), we took five random slices/images. From cancer set volumes 
we only used the slice where radiologist placed a bounding box; if more than one abnormality was marked (which 
occurred in eight volumes), we selected one slice randomly from the subset of marked slices. The number of 
cases used for training, validation and testing are shown in Table 1. All data used in this study will be made 
publicly available on The Cancer Imaging Archive. The retrospective clinical data collection was approved by the 
Institutional Review Board (IRB) of the Duke University Health System (DUHS), and the methods used in this 
study were carried out in accordance with relevant guidelines and regulations. The requirement for informed 
consent was waived by the DUHS IRB.

Generative adversarial networks.  Generative adversarial networks (GANs) introduced in7, are based 
on the idea of two networks competing with each other. One of the networks is responsible for the generation 
of “fake” training data that appears to be real, by learning to approximate the distribution that generated the real 
training data. This network is called a generator, denoted G(z) , because it takes a vector of random noise z as 
input, and maps it to a generated datapoint (image, in our case). The second network, called the discriminator, or 

Table 1.   Data used during experiments.

Set Type Patients Studies Volumes Slices/images

Train Normal 4109 4558 18,232 91,160

Validation Normal 200 232 928 4640

Test Cancer 39 39 70 70
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critic, is used to distinguish between generated and true samples. It is labeled D(x) , as the network takes a sample 
x and outputs the probability of x being from the real dataset. The competition between the two networks can be 
described as a min–max game of two players trying to beat each other, described in Fig. 1.

GANs with multiple convolutional layers are called deep convolutional GANs (DCGANs)8 and are used 
amongst other methods for the generation of realistic images12, image denoising13, image translation14 and image 
completion9. Image completion is often performed using generators of architecture similar to autoencoders15, 
which foster learning a latent representation of the data. Latent data representation is achieved by compressing 
and decompressing input data in the way which minimizes information decline. Figure 2 demonstrates sample 
autoencoder architecture.

Image completion task and the architecture.  In the task of image completion, a part of an image is 
covered and the model attempts to reconstruct it based on the parts of the image that are present. We assume that 
the missing part of the image, the mask, is square, and we refer to the size of the missing part as the mask size. We 
approached the task of image completion using DCGAN architecture with a two-phase generator followed by 
local and global discriminators9. In order to train the image completion model, we cover part of the image and 
recreate the covered part using the generator, based on the remainder of the image. We then use the discrimina-
tor to estimate the probability of the generated patch being real.

The architecture of the model and a diagram of the image completion process are shown in Fig. 3. In the 
first stage of the generator, a coarse network constructed from dilated convolutional blocks is used to create an 
imperfect, blurred prediction for the missing patch of the image. The second part of the generator, the refinement 
network, improves the quality of the completed region with more fine-grained details using combined contextual 

Figure 1.   A standard GAN architecture and loss function.

Figure 2.   Autoencoder architecture.

Figure 3.   Model architecture and image completion process diagram.
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attention and dilated convolutional branches. The contextual attention branch, created by9, optimizes consistency 
between the inferred missing patch and the rest of the surrounding image, hereafter the field of view, by examin-
ing the inner product/cosine-similarity of features within the generated missing patch and features found in the 
surroundings. Local and global discriminators are responsible for achieving consistency between the completed 
masked region and the entire image. We experimented with the following parameters: (i) a mask size of 64 × 64 
and 128 × 128 pixels, and (ii), a field of view of 256 × 256 and 512 × 512 pixels. To obtain the same dimensionality 
of feature representation for both of the tested field of view sizes, we append a convolutional layer to the input 
of the global discriminator module when the field of view size is 512 × 512 pixels.

Training details.  While the min–max objective that dictates the training of GANs (Fig. 1) is conceptually 
simple, in practice training GANs to give usable results is a difficult task. The goal of generative modeling is 
essentially to make the “fake” data distribution that the generator learns to sample from, Pg , as similar as possible 
to the real data distribution Pr . However, if one tries to do this using common distribution divergence/distance 
metrics, such as the Kullback–Leibler (KL) divergence, that are usually used to train GANs, this optimization 
procedure is often practically difficult, due to issues such as discontinuities and/or vanishing gradients within the 
objective function with respect to the network’s parameters, that can occur when a real sample is not within the 
support of Pr . The Wasserstein distance, described shortly, was proposed as a solution to these problems16, and 
is a key component of our model’s loss function.

The Wasserstein distance between two distributions can intuitively be thought of as the minimal effort needed 
to transport probability mass between these distributions; it is theoretically defined as

where �
(
Pr , Pg

)
 is the set of all distributions γ whose marginal distributions are Pr and Pg . This equation is unsur-

prisingly practically intractable, but a more useful form of it can be obtained using the Kantorovich-Rubinstein 
duality16, which gives

where F  is the set of all 1-Lipschitz functions. Practically speaking, using W
(
Pr , Pg

)
 as the distance measure for 

training a GAN will modify the min–max objective function (Fig. 1) to become

An important note here is that the discriminator D is constrained to be 1-Lipschitz, which can be thought of as 
forcing the high-dimensional analog of the “slope” of D with respect to its network parameters to be no greater 
than 1. Arjovsky et al.16 originally implemented this constraint by “clipping” the weights of D to be within a 
certain magnitude, but this can lead to undesirable training instability. As such, we utilize WGAN-GP in our 
model, an improved version of the WGAN introduced by17 that instead enforces the 1-Lipschitz constraint by 
adding a gradient penalty term

to the objective function, where x̂  are sampled from the straight line between points sampled from Pr and Pg 
and � is a constant hyperparameter. Essentially what this added term does is instead enforce the aforementioned 
constraint by penalizing the size of the gradient of D with respect to its input, which gives improved training 
performance.

We can now write the total loss function Ltotal for our model as the sum of individual loss components, as

where:

Lmask is the L1 (Manhattan) distance between the coarse prediction for the masked region and the correspond-
ing region of the ground truth, added to the same for the fine prediction,
LFOV is the L1 distance between the coarse prediction for the non-masked part of the image and the corre-
sponding ground truth, added to the same for the fine prediction,
LWGAN ,G and LWGAN ,D are the WGAN losses between the local and global discriminators and the two-stage 
generator (see Eq. 3), with LWGAN−GP being the added gradient penalty (GP) terms for both discriminators 
(see Eq. 4).

Finally, αmask ,αFOV  and αGAN are loss weights for each of their respective loss components, and � is the 
same WGAN-GP constant of Eq. (4). We set these hyperparameters to the values recommended by Yu et al.9 
of 1.2, 1.2, 0.001, and 10, respectively. Note that these L1 losses also utilize the spatial-discounting weighting for 
pixels within the masked region of Yu et al.9, where the weight multiplying a given pixel value within the loss is 
0.99l , with l  being the distance of the given pixel to the nearest known pixel outside of the mask. In effect, this 
is meant to account for the intuitive lesser ambiguity of pixels near the mask boundary than that of pixels near 
the mask center.
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In the training phase, patches of size 256 × 256 or 512 × 512 pixels were sampled randomly from the original 
images. Then, each patch was covered with a square-shaped mask of pre-determined side length ranging from 
16 to 128 pixels. The mask was applied to a random position within the patch field of view. The patch cropping 
process was conducted in a way that guaranteed overlap of the patches with breast tissue, which was achieved 
by thresholding non-zero pixels within the random patch choice.

The model was trained with the Adam optimizer18 for 2,000,000 iterations and learning rate of 0.0001 with a 
batch size of 9. The parameters were chosen empirically based on results on the validation set.

Measuring quality of image completion for a single patch.  Once a patch is removed and inpainted 
by our network, one needs to assess the quality of the replacement. While different metrics could be constructed 
for this, we relied on two. The first was mean squared error (MSE) and the other was the discriminator loss. 
The discriminator loss describes the consistency of a filled region within the context of the entire input image 
according to the discriminator network in the GAN (Fig. 1), but its absolute value cannot be compared between 
different models, datasets, and stages of the model training process. However, a given model can be applied to 
different images to assess and compare how much a completed image resembles the data that was used to train it 
(a normal DBT image in this case). Finally, we also measure the product of the MSE and discriminator loss. We 
will refer to this metric in the further part of this paper as DMSE.

Identifying abnormalities by measuring image completion quality across entire images.  Our 
hypothesis was that, given some test image, the locations/regions for which our algorithm have more difficulty 
with correctly completing are more likely to contain an abnormality. As such, to attempt to discover abnormali-
ties within some image, we repeatedly remove parts of the image, inpaint them using our network, and measure 
the error across the entire image. Specifically, to measure the quality of image completion we used a sliding 
window approach with a shift value equal to 8 pixels. With every shift we (1) extracted a patch from the original 
image based on the current position of the window, (2) masked the center part of the extracted patch, (3) gener-
ated the missing part of the patch, and (4) measured and saved the computed error metric (MSE, discriminator 
loss, or DMSE) in a corresponding place on the abnormality heatmap. Figure 4 demonstrates the process of 
heatmap generation for the DMSE metric.

In addition, we also computed averaged heatmaps, described as follows. The process starts with creating a 
heatmap of the size of the original image, filled with zeros. After computing the loss for some patch, instead of 
saving it as a single value, we add the loss value to each pixel included within the patch to the corresponding 
location in the output heatmap. Because the slicing window can cover the same pixels multiple times, the pixels 
in the final output are divided by the number of times that were included, hence our referring to the heatmaps 
as “averaged”.

Evaluation of image completion in the context of detecting abnormalities.  After generating 
heatmaps for every example in the test set, we measured averaged errors for locations inside and outside of 
radiologist-provided bounding boxes that indicate abnormalities within the set. If our approach is able to dis-
criminate abnormal locations from normal ones, the image completion error will be notably higher for locations 
which include abnormalities than for normal locations. We consider only pixels inside of breast tissue (excluding 
background pixels with intensity value equal to zero). Also, since only the middle part of a patch is masked for 
completion (to ensure sufficient context for the model), areas of the input images close to the edges are not rep-
resented in the generated heatmap. The extent of this padding area depends on the field of view and mask size.

We note that although our method was only evaluated on test set images with known lesions, the lesions 
usually only comprised a small section of each test image. As such, the non-lesion surrounding regions of the 

Figure 4.   Heatmap generation with sliding window for DMSE metric.
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test images are just normal breast tissue, and in this way, our algorithm was tested on both normal and cancer-
ous tissue.

Results
Image completion.  We provide visual references to compare image completion quality between different 
masks and model input sizes (fields of view, or FOV) for images from the normal set (Fig. 5) and cancer set 
(Fig. 6 and 7). Masks and fields of view are marked on the images as smaller and larger rectangles respectively. 
The part of the image covered by the mask was completed based on the remaining part of the FOV patch.

One can see that our approach is capable of generating realistic completions of breast tomosynthesis images 
including objects such as veins. However, once the removed patch becomes larger, the fidelity of the reconstructed 
object decreases. In images with unusual objects that are not lesions, when the removed patch fully covers the 
unusual object, the network did not accurately reconstruct the removed part. As expected, it replaced them with 
normal-looking tissue (Fig. 6). However, if part of the unusual object (such as a skin marker) was included in the 
field of view and outside of the removed patch, the network reconstructed the unusual object fairly accurately. 
This phenomenon was observed for normal and cancer images.

Figure 5.   Image completion results for patches containing tissue, breast skin, veins, and nipples.

133



7

Vol.:(0123456789)

Scientific Reports |        (2021) 11:10276  | https://doi.org/10.1038/s41598-021-89626-1

www.nature.com/scientificreports/

Abnormality detection.  Results for abnormality detection in terms of the mean ratio between heatmap 
values inside and outside of the ground truth bounding boxes and its standard deviation are given in Table 2. The 
table shows that the combination of MSE and discriminator loss (DMSE) outperforms the individual metrics, 
whereas MSE performed better than the discriminator loss. The highest value was obtained for the field of view 
of 256 × 256 pixels with the mask size of 128 × 128 pixels.

Figures 8 and 9 contain visualizations of non-averaged and averaged heatmaps, respectively, for the same 
subject with three separate cancer masses marked by bounding boxes. For the presented examples, the combined 
error metric diminishes error in areas outside of the bounding boxes as compared to error measures based solely 
on either MSE or discriminator loss.

Conclusions and discussion
In this study, we used deep learning-based image completion to identify abnormal locations in digital breast 
tomosynthesis images. The topic is of high importance because for mammographic cancer detection–as well as 
many other medical imaging tasks–the availability of abnormal images is very limited and as such, an efficient 
use of abundantly available normal cases is crucial.

We obtained very realistic results in terms of image completion in DBT images. We showed that the trained 
model is able to reproduce structures like fibroglandular tissue, skin, and vessels. The covered part was completed 

Figure 6.   Image completion for patches containing clips, calcification, markers, and calcified veins.
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with a likely patch from a model based on its surroundings in normal locations and it does not generate unusual 
objects like postoperative clips or calcifications. When it comes to completing cancerous regions, the results 
depend on which part of the image in question is masked and completed. If a major part of a cancerous mass or 
architectural distortion is not covered, the model may reconstruct an abnormality but still produce loss higher 
than average. We have shown that there is a possibility that this approach can be used in abnormality detection.

In our experiments, we used MSE and discriminator losses in order to describe how well the image was 
completed. Based on our observations, MSE gives high error values for abnormal objects, e.g. post-operation 
clips, but also for normal tissue with complex structures such as nipples. On the other hand, we observed that 
discriminator loss is small while completing all kinds of shapes which were present in the training set, including 
nipples. Unfortunately, modest values from discriminator loss for completing parts of abnormal images make 
it difficult to clearly classify tissue as normal or abnormal based on that metric. The results from our study have 
shown that the combined loss of MSE and discriminator loss worked best. This metric gave high loss value to 
abnormal patches without being sensitive to sophisticated shapes present in the training set of normal cases.

From the mean ratio values of Table 2 (as well as Figs. 8 and 9), it is clear that the generator cannot inpaint/
predict masks over cancerous regions nearly as accurately as that over normal breast tissue. This is to be expected, 
because the GAN was trained on thousands of scans of normal breast tissue, yet never saw any abnormalities 

Figure 7.   Image completion results for patches containing cancerous masses.
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(besides the aforementioned unusual benign objects such as post-operative clips) to learn from and generalize 
to. Sampling from the tissue image distribution that the generator is attempting to approximate should only 
result in the generation of normal tissue, so it is unsurprising that the generator has difficulty with synthesizing 

Table 2.   Ratio of measured losses inside and outside bounding boxes for non-averaged heatmaps; 
DISCR = discriminator loss, std = standard deviation.

Loss type Field of view size [pixels] Mask size [pixels] Mean ratio [Std]

MSE 256 × 256 64 × 64 1.93 (0.87)

MSE 256 × 256 128 × 128 2.11 (1.01)

MSE 512 × 512 64 × 64 1.83 (1.19)

MSE 512 × 512 128 × 128 1.86 (1.12)

DISCR 256 × 256 64 × 64 1.47 (0.38)

DISCR 256 × 256 128 × 128 1.46 (0.34)

DISCR 512 × 512 64 × 64 1.48 (0.63)

DISCR 512 × 512 128 × 128 1.47 (0.65)

DMSE 256 × 256 64 × 64 2.54 (2.92)

DMSE 256 × 256 128 × 128 2.77 (1.79)

DMSE 512 × 512 64 × 64 2.23 (4.33)

DMSE 512 × 512 128 × 128 2.11 (2.68)

Figure 8.   Non-averaged heatmaps for a patient with cancerous masses.
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cancerous tissue, even if the surrounding context of the scan is that of a cancerous breast. Conversely, we see that 
when our model is used to reconstruct normal regions of breast scans that do not include any cancerous tissue/
bounding boxes (the majority of the shown test images, as the lesions are small compared to the scale of the 
entire scans), the DMSE loss (our best-performing metric) is noticeably smaller than in the cancerous regions, 
on average, showing that normal regions can still be differentiated from cancerous within the output heatmaps. 
This is because the DMSE loss is proportional to the discriminator loss, which describes how real the discrimi-
nator judges the generated tissue to be, compared to the ground truth tissue. Because the discriminator is only 
trained to discriminate between realistic and non-realistic normal tissue, and the generator can only perform 
poorly and unrealistically when reconstructing regions with abnormalities, this loss is indeed greater for such 
cancerous regions. As such, the usage of the discriminator provides a further refinement to the loss metrics that 
are used to indicate abnormalities, explaining why the DMSE metric performed best.

We note that in order to provide classification metrics for our method such as accuracy or ROC (receiver 
operating characteristic) curves, we would first need to define exactly what a “detection” of cancerous/abnormal 
tissue is in the context of the generated heatmaps (Figs. 8 and 9). This would require choosing some numerical 
threshold for the pixel values of the inpainting error/DMSE (Table 2), such that if the error for some pixels/
region was greater than this threshold, this region could be described as being detected to be abnormal. In turn, 
we could compare these error values to known lesion bounding boxes (or use the ratio of error between inside 
and outside the boxes, as in Table 2) to obtain metrics such as the true positive rate (TPR). However, doing this 
properly would require further research and experimentation, including questions of the definition of detected 
regions, overlap criteria, postprocessing and false positive reduction and other questions that we believe are 
beyond the scope of this work which focuses on the concept of image inpainting.

GANs have proven to be useful in a range of applications, including realistic facial image creation and cus-
tomization (e.g.19, image-to-image translation (e.g.20, and even lesser-known applications such as excising rain 
from images21 among others. More particularly related to our method, GAN-based inpainting itself has also seen 
wide use for a variety of applications, from the conversion of 2D images to 3D representations22, to temporally 

Figure 9.   Averaged heatmaps for a patient with cancerous masses.
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consistent video completion/inpainting23, to automatic face-anonymizing for privacy24. The use of GANs for 
abnormality detection is not nearly as common as the aforementioned trend of using GANs for other purposes. 
However, works such as Herent et al.25, Cao et al.26, Kooi et al.27, Yap et al.28 and Yap et al.29 also use deep learning 
for breast lesion detection (e.g., lesion type classification, object recognition and/or segmentation), but they rely 
on the direct, supervised learning of the appearance of real breast lesions, and as such are distinctly different from 
our semi-supervised, normal data-based GAN method. Despite this, there is still a group of other generative 
modeling-based lesion/abnormality detection methods that can be compared to ours.

Benson & Beets-Tan30 introduced a method that uses GANs (but with a different inpainting algorithm) to 
learn the data distribution of normal brain scans and perform inpainting on a grid of masks over the input image, 
like our method. In this experiment, the sum of the pixel-wise inpainting residuals within each mask are used to 
indicate abnormalities mask-by-mask (if this sum is above a certain numerical threshold),this is essentially the 
same as our method, just with slightly different masking techniques that create the final outputted abnormality 
heatmap. Li et al.31 proposed a method that is also similar in practice to ours and that of Benson & Beets-Tan, 
insofar that input test images are divided into mask regions, which are then each separately inpainted one-by-
one, after which an anomaly heatmap is generated according to the discrepancy between the original image and 
the reconstructed image. This model, although originally designed for visual anomaly detection in the context 
of industrial inspection, is essentially the same idea as our method, with the one difference being that it utilizes 
encoder-based, rather than the more advanced GAN-based inpainting used in our study.

The advantage of our model is that we do not have to rely on limited cancerous image data. Instead, we train 
on the abundance of normal scans, a philosophy that certain similar studies share. Chen et al.13 also uses an 
adversarial (but auto-encoder) approach to learning the distribution of healthy brain tissue, by learning the map-
ping of the input scan to some latent space and detecting anomalous scans within this space itself. Schlegl et al.10 
similarly uses a DCGAN-based architecture (as well as an encoder) to learn the latent space representation and 
generative process for normal anatomical image data such that at test time, unseen images are mapped to this 
latent space, and if anomalous, will be noticeably different from their reconstruction, which is found by mapping 
back from the latent space representation. From here, anomalous regions within the input are detected based 
on this discrepancy, including both reconstruction and discriminative losses. These methods are similar to ours 
because of the training on non-anomalous data to learn the distribution for such data. However, there are two 
main differences when compared to our work. The first is that these works perform image reconstruction using 
latent representations of data, not with inpainting/direct image completion. The second difference is that at test 
time, our method performs reconstruction of some masked region using the surrounding non-masked region 
as input to the network (not viewing the covered region to be reconstructed), while these methods are applied 
to reconstruct entire images, not patches, of which the networks use the entire image as input, not excluding 
anything to be used in inference, which is distinctly different than our method.

Just as our model does, the two methods of the last paragraph can be used to produce abnormality heatmaps 
similar to Figs. 8 and 9. However, it is important to note that in the case of the first, auto-encoder-based model, 
the authors state that the reconstruction quality is predicated on the input image being downsampled to a 32 × 32 
resolution. Doing such for our data would drastically reduce the quality of our very high-resolution DBT scan 
images (even in the training phase, as this uses 256 × 256 inputs), which could produce unforeseen consequences 
within the training procedure and testing inference. Therefore, in order to compare this method to ours, we would 
have to use it in a way that it was not intended or downsample our data by a factor of 64 which would dramatically 
degrade its quality. Similarly, the second method (f-AnoGAN) is built with a DCGAN/WGAN architecture that 
is designed to have stable training specifically for 64 × 64 images. While this resolution is greater than 32 × 32, 
either drastically downsampling our input to this resolution, or augmenting the network to accept a larger input, 
could produce unwanted training issues, or test inference/heatmaps that are not necessarily valid to compare 
with ours. Alternatively, one could imagine using these methods along a “grid” of disjoint partitions of the input 
test image, to preserve global test image resolution, but this could potentially result in issues with global cross-
partition coherence and consistency. In summary, directly comparing our model to these two models, which are 
built for lower-resolution images, would likely require considerable further research and development before we 
obtained results that we are confident in, and as such, this is also beyond the scope of this proof-of-concept work. 
This reason and the argument outlined in the previous paragraph are the main points for why our method is not 
immediately reasonable to quantitatively compare to other techniques; in other words, methods with which we 
can reasonably compare to do not exist.

Our study has certain limitations. First, the number of positive cases in the test set was small. However, it 
was sufficient to provide a good overview of the algorithm’s performance, on both normal tissue (image regions 
without legions) and cancerous tissue. Second, the dataset used for evaluation did not contain annotations for 
all kinds of abnormal objects, e.g. post-operation clips, which did not allow us to provide detailed performance 
estimation of detection quality. Moreover, the range of tested sizes for the field of view parameter was limited to 
what we considered reasonable and computationally feasible but larger range of values could be considered in 
future studies. Another limitation of our approach is that it identified unusual locations in the images that were 
not cancerous. This could be potentially addressed by oversampling such structures during the training. Our 
approach was also limited by computation time to generate heatmaps since those required thousands of model 
runs per image. Finally, our no-padding approach leads to omitting boundary parts of the image during detection.

In summary, we showed promising results on how to effectively use data without objects of interest for detec-
tion of abnormalities in medical images. Our approach could be further refined via a number of approaches, 
such as by combining it with fully supervised methods in order to improve performance of object detection with 
a scarce training signal.
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