
 

 

 

Deep learning applications in lung cancer imaging

Citation for published version (APA):

Hosny, A. (2022). Deep learning applications in lung cancer imaging. [Doctoral Thesis, Maastricht
University]. ProefschriftMaken. https://doi.org/10.26481/dis.20220406ah

Document status and date:
Published: 01/01/2022

DOI:
10.26481/dis.20220406ah

Document Version:
Publisher's PDF, also known as Version of record

Please check the document version of this publication:

• A submitted manuscript is the version of the article upon submission and before peer-review. There can
be important differences between the submitted version and the official published version of record.
People interested in the research are advised to contact the author for the final version of the publication,
or visit the DOI to the publisher's website.
• The final author version and the galley proof are versions of the publication after peer review.
• The final published version features the final layout of the paper including the volume, issue and page
numbers.
Link to publication

General rights
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or other copyright
owners and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with these
rights.

• Users may download and print one copy of any publication from the public portal for the purpose of private study or research.
• You may not further distribute the material or use it for any profit-making activity or commercial gain
• You may freely distribute the URL identifying the publication in the public portal.

If the publication is distributed under the terms of Article 25fa of the Dutch Copyright Act, indicated by the “Taverne” license above,
please follow below link for the End User Agreement:
www.umlib.nl/taverne-license

Take down policy
If you believe that this document breaches copyright please contact us at:

repository@maastrichtuniversity.nl

providing details and we will investigate your claim.

Download date: 08 Mar. 2023

https://doi.org/10.26481/dis.20220406ah
https://doi.org/10.26481/dis.20220406ah
https://cris.maastrichtuniversity.nl/en/publications/91b5ea60-d3d0-46ad-b071-81b1fa4458f8


Deep Learning Applications 
in Lung Cancer Imaging

Ahmed Hosny



© copyright Ahmed Hosny, 2022

Lay-out and printing: ProefschriftMaken || www.proefschriftmaken.nl

ISBN: 978-94-6423-732-0 

DOI: https://doi.org/10.26481/dis.20220406ah

All rights reserved. No part of this publication may be reproduced, stored in a 
retrieval system or transmitted, in any form or by any means, electronic, mechanical, 
photocopying, recording or otherwise, without prior permission of the author or the 
copyright-owning journals for previous published chapters.

The work presented in this thesis is made possible by the financial support of the 
US National Institutes of Health (NIH-USA U24CA194354 and NIH-USA 
U01CA190234).



Deep Learning Applications 
in Lung Cancer Imaging

DISSERTATION

to obtain the doctoral degree
at Maastricht University,

on the authority of the Rector Magnificus Prof.dr. Pamela Habibović,
in accordance with the decision of the Board of Deans,

to be defended in public on
Wednesday

April 6th, 2022 at 16:00 hours

by

Ahmed Hosny



Supervisor
Prof. Dr. Ir. Hugo J.W.L. Aerts

Co-supervisor
Dr. Raymond H. Mak, Harvard Medical School, USA

Assessment committee
Prof. Dr. Ir. A. L.A.J. Dekker (Chair)
Prof. Dr. Ir. Dirk De Ruysscher 
Dr. Ir. Stefan Klein, Erasmus Medical Center Rotterdam
Prof. Dr. Ir. Wiro J. Niessen, Erasmus Medical Center Rotterdam
Prof. Dr. Frank Verhaegen



Contents

Chapter 1	 General Introduction and Outline	 9

PART I	 Artificial Intelligence in Cancer Imaging	 21

Chapter 2	 Artificial Intelligence for Clinical Oncology	 23
Cancer Cell 2021

Chapter 3	 Artificial Intelligence in Radiology	 49
Nature Reviews Cancer 2018

Chapter 4	 Artificial Intelligence in Radiation Oncology	 79
Nature Reviews Clinical Oncology 2020

PART II	 Prognostic and Therapeutic Deep Learning Applications	 107

Chapter 5	 Deep Learning for Lung Cancer Prognostication: a Retrospective 
Multi-Cohort Radiomics Study	 109
PLOS Medicine 2018

Chapter 6	 Deep Learning-Based Computed Tomography Radiomics for 
Non-Small Cell Lung Cancer Histopathologic Classification	 139
Nature Scientific Reports 2021

Chapter 7	 Deep Learning Predicts Lung Cancer Treatment Response from 
Serial Medical Imaging	 159
Clinical Cancer Research 2019

Chapter 8	 Clinical Validation of Deep Learning Algorithms for Lung Cancer 
Radiotherapy Targeting	 181
Submitted 2021

PART III	 AI Methods and Best Practices	 207

Chapter 9	 Handcrafted Versus Deep Learning Radiomics for Prediction of 
Cancer Therapy Response	 209
The Lancet Digital Health 2019

Chapter 10	 The Dataset Nutrition Label: A Framework to Drive Higher Data 
Quality Standards	 215
Data Protection and Privacy: Data Protection and Democracy 2020



Chapter 11	 The Importance of Transparency and Reproducibility in Artificial 
Intelligence Research	 237
Nature 2020

PART IV	 Beyond Cancer Imaging	 245

Chapter 12	 Artificial Intelligence for Global Health	 247
Science 2019

Chapter 13	 General Discussion and Future Perspectives	 255

Summary	 265

Societal Impact and Valorizations 	 267

Acknowledgments	 270

Curriculum Vitae	 271

Scientific Publications	 272





1



1 General Introduction and Outline

Chapter 1











Chapter 1

14

followed by an investigation into technologies currently being utilized in the clinic and 
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 Figure 3:  An example cancer patient pathway converges  with an ever-increasing data stream. 
 Potential AI applications and exemplary clinical users at each touchpoint are also illustrated. 

 Chapter 4  shifts the discussion to AI applications  in cancer therapeutics, namely 
 radiotherapy (RT). RT has the potential to be transformed by AI given its multifaceted, highly 
 technical nature with heavy reliance on digital data processing and computer software. This 
 paves the way for improved accuracy, precision, efficiency, and overall quality for cancer 
 patients. The chapter provides a high-level overview of the RT workflow starting from patient 
 evaluation and imaging steps to treatment planning and RT plan quality assurance. It then 
 outlines the impact that AI may have on each of these steps  (Figure 4)  . Additionally, the roles of 
 RT medical professionals (radiation oncologists, medical physicists, dosimetrists, therapists) are 
 discussed, as well as how these roles may evolve alongside clinical task automation. 
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 Chapter 5  explores the utility of deep learning in  the prognostication of lung cancer patients. 
 Today, standard prognostication involves tumor staging, which in turn is based on a relatively 
 coarse and discrete stratification. Radiographic medical images offer patient- and tumor-specific 
 information that could be used to complement such clinical prognostic efforts. 

 In this chapter, an analysis setup is designed comprising seven independent datasets 
 across five institutions totaling 1194 NSCLC patients imaged with computed tomography (CT) 
 and treated with either radiotherapy or surgery. We evaluated the prognostic signature of 
 quantitative imaging features extracted through deep learning networks, and assessed its ability 
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Figure 3. An example cancer patient pathway converges with an ever-increasing data stream. Potential AI applications 
and exemplary clinical users at each touchpoint are also illustrated.

Chapter 4 shifts the discussion to AI applications in cancer therapeutics, namely 
radiotherapy (RT). RT has the potential to be transformed by AI given its multifaceted, 
highly technical nature with heavy reliance on digital data processing and computer 
software. This paves the way for improved accuracy, precision, efficiency, and overall 
quality for cancer patients. The chapter provides a high-level overview of the RT 
workflow starting from patient evaluation and imaging steps to treatment planning and 
RT plan quality assurance. It then outlines the impact that AI may have on each of 
these steps (Figure 4). Additionally, the roles of RT medical professionals (radiation 
oncologists, medical physicists, dosimetrists, therapists) are discussed, as well as how 
these roles may evolve alongside clinical task automation.

PART 2: Prognostic and Therapeutic Deep Learning Applications

Chapter 5 explores the utility of deep learning in the prognostication of lung cancer 
patients. Today, standard prognostication involves tumor staging, which in turn is based 
on a relatively coarse and discrete stratification. Radiographic medical images offer 
patient- and tumor-specific information that could be used to complement such clinical 
prognostic efforts.

In this chapter, an analysis setup is designed comprising seven independent datasets across 
five institutions totaling 1194 NSCLC patients imaged with computed tomography 
(CT) and treated with either radiotherapy or surgery. We evaluated the prognostic 
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Chapter 7 evaluates deep learning models for predicting clinical outcomes through 
analyzing time-series CT images of locally advanced NSCLC patients. While 
qualitatively tracking lesions over space and time may be trivial, the development 
of clinically-relevant, automated methods that incorporate serial imaging data is far 
more challenging. The models, based on a combination of CNNs and recurrent neural 
networks (RNNs), were found to be significantly predictive of survival and cancer-
specific outcomes (progression, distant metastases and local-regional recurrence). Model 
performance was enhanced with each additional follow-up scan. The models stratified 
patients into low and high mortality risk-groups, which were found to be significantly 
associated with overall-survival.

Chapter 8 explores DL applications in RT treatment planning. While AI methods have 
demonstrated great potential in streamlining clinical RT tasks, most studies are confined 
to in silico validation in small internal cohorts, lacking data on real-world clinical utility. 
We clinically validated DL models for localizing and segmenting primary NSCLC 
tumors and involved lymph nodes in CT images.

In this chapter, DL models were validated across four focus areas. Benchmarking: 
Models showed an improvement over the interobserver benchmark (P < .01), and were 
within the intraobserver benchmark. Primary Validation: Performance on internal data 
segmented by the same expert was volumetric dice (VD) 0.83 [0.82,0.85], within the 
interobserver benchmark. Performance on internal data segmented by other experts was 
VD 0.70 [0.67,0.73], worse than the interobserver benchmark (P < .0001). Similar 
results were observed on subsequent external validation data, including clinical trial 
and diagnostic radiology data. Secondary Validation: Models were found to be stable 
across separate images of the same subject, but tend to underestimate tumor volume 
by an average of 12%. Human subject experiments: We found no significant differences 
between de novo and AI-assisted segmentations. AI-assistance led to a 65% reduction in 
segmentation time (P < .0001).

PART 3: AI Methods and Best Practices

Chapter 9 discusses two underlying radiomics methodologies used in treatment 
response prediction and prognosis in RT, with broader implications across other cancer 
therapies. More specifically, it compares and contrasts traditional radiomics and its 
use of handcrafted features with deep learning radiomics where learning of relevant 
radiographic features is automated. The chapter explores multiple challenges shared 
across both methods, including reproducibility and over-fitting on small datasets. It also 
highlights the potential utility of deep learning interpretability efforts in decoding new 
insights from cancer images and non-intuitive information that is uncharted thus far. 

Chapter 10 explores means to provide better transparency to datasets. Data is a 
fundamental ingredient in building AI models, and there are direct correlations between 
data quality and model robustness, fairness, and utility. This chapter introduces the 
Dataset Nutrition Label, a diagnostic framework providing a distilled yet comprehensive 
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 1overview of dataset “ingredients”. The label is designed to be flexible and adaptable; 
it comprises a diverse set of qualitative and quantitative modules generated through 
multiple statistical and probabilistic modelling backends. Consulting such a label 
prior to AI model development promotes vigorous data interrogation practices, aids in 
recognizing inconsistencies and imbalances, provides an improved means to selecting 
more appropriate datasets for specific tasks, and subsequently increases the overall 
quality of AI models. 

Chapter 11 identifies obstacles hindering transparent and reproducible AI research, 
including the absence of sufficiently documented methods and computer code. These 
shortcomings limit the evidence required for others to prospectively validate and 
clinically implement studies, while undermining their scientific value. The chapter also 
provides potential solutions with implications for the broader field.

PART 4: Beyond Cancer Imaging

Chapter 12 explores AI applications in global health, given the limited discussions 
around what AI can bring to medical practice in low- and middle-income countries 
where workforce shortages and limited resources constrain the access to and delivery of 
care. The chapter outlines the important role AI may play in addressing global healthcare 
inequities at three levels: the individual patient, health system, and population levels. 

Finally, chapter 13 provides a general discussion of the results presented in this thesis 
and related future perspectives.
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Abstract

Clinical oncology is experiencing rapid growth in data that are collected to enhance 
cancer care. With recent advances in the field of Artificial Intelligence (AI), there is now a 
computational basis to integrate and synthesize this growing body of multi-dimensional 
data, deduce patterns, and predict outcomes to improve shared patient and clinician 
decision-making. While there is high potential, significant challenges remain. In this 
perspective, we propose a pathway of clinical, cancer care touchpoints for narrow-task 
AI applications and review a selection of applications. We describe the challenges faced 
in the clinical translation of AI and propose solutions. We also suggest paths forward in 
weaving AI into individualized patient care, with an emphasis on clinical validity, utility, 
and usability. By illuminating these issues in the context of current AI applications for 
clinical oncology, we hope to help advance meaningful investigations that will ultimately 
translate to real-world clinical use.
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Introduction

Over the last decade, there has been a resurgence of interest for artificial intelligence 
(AI) applications in medicine. This is driven by the advent of deep learning algorithms, 
computing hardware advances, and the exponential growth of data that are being 
generated and used for clinical decision making1–3. Oncology is particularly poised for 
transformative changes brought on by AI, given the proven advantages of individualized 
care and recognition that tumors and their response rates differ vastly from person to 
person4,5. In oncology, much like other medical fields, the overarching goal is to increase 
quantity and quality of life, which, from a practical standpoint, entails choosing the 
management strategy that optimizes cancer control and minimizes toxicity. 

As multidimensional data is increasingly being generated in routine care, AI can support 
clinicians to form an individualized view of a patient along their care pathway and 
ultimately guide clinical decisions. These decisions rely on the incorporation of disparate, 
complex datastreams, including clinical presentation, patient history, tumor pathology 
and genomics, as well as medical imaging, and marrying these data to the findings of 
an ever-growing body of scientific literature. Furthermore, these datastreams are in a 
constant state of flux over the course of a patient’s trajectory. With the emergence of AI, 
specifically deep learning 2, there is now a computational basis to integrate and synthesize 
these data, to predict where the patient’s care path is headed, and ultimately improve 
management decisions. 

While there is much reason to be hopeful, numerous challenges remain to the successful 
integration of AI in clinical oncology. In analyzing these challenges, it is critical to view 
the promise, success, and failure of AI not only in generalities, but on a clinical case-by-
case basis. Not every cancer problem is a nail to AI’s hammer; its value is not universal, 
but inextricably linked to the clinical use case6. The current evidence suggests that 
clinical translation of the vast majority of published, high-performing AI algorithms 
remains in a nascent stage7. Furthermore, we posit that the imminent value of AI in 
clinical oncology is in the aggregation of narrow task-specific, clinically validated and 
meaningful applications at clinical “touchpoints” along the cancer care pathway, rather 
than general, all-purpose AI for end-to-end decision-making. As the global cancer 
incidence increases and the financial toxicity of cancer care is increasingly recognized, 
many societies are moving towards value-based care systems8,9. With development of 
these systems, there will be increasing incentive for the adoption of data-driven tools - 
potentially powered by AI - that can lead to reduced patient morbidity, mortality, and 
healthcare costs10.

Here, we will describe the key concepts of AI in clinical oncology and review a selection of 
AI applications in oncology from the lens of a patient moving through clinical touchpoints 
along the cancer care path. We will therein describe the challenges faced in the clinical 
translation of AI and propose solutions, and finally suggest paths forward in weaving 
AI into individualized patient cancer care. By illuminating these issues in the context of 
current AI applications for clinical oncology, we hope to provide concepts to help drive 
meaningful investigations that will ultimately translate to real-world clinical use.
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Cancer Care as a Mathematical Optimization Problem

To appreciate the promise surrounding AI applications for clinical oncology, it is 
essential to incorporate a mathematical lens to the patient care path through cancer risk 
prediction, screening, diagnosis and treatment. From the AI perspective, the patient 
path is an optimization problem, wherein heterogeneous data streams converge as inputs 
into a mathematical scaffold (i.e. machine learning algorithms) (Figure 1). This scaffold 
is iteratively adjusted during training until the desired output can be reliably predicted 
and an action can be taken. In this setting, an ever-growing list of inputs include patient 
clinical presentation, past medical history, genomics, imaging, and biometrics, and can 
be roughly subdivided as tumor, host, or environmental factors. The complexity of the 
algorithms is often driven by the quantity, heterogeneity, and dimensionality of such 
data. Outputs are centered, most broadly, on increasing survival and/or quality of life, 
but are often evaluated by necessity as a series of more granular surrogate endpoints.

 CANCER CARE AS A MATHEMATICAL OPTIMIZATION PROBLEM 

 To appreciate the promise surrounding AI applications for clinical oncology, it is essential to 
 incorporate a mathematical lens to the patient care path through cancer risk prediction, 
 screening, diagnosis and treatment. From the AI perspective, the patient path is an optimization 
 problem, wherein heterogeneous data streams converge as inputs into a mathematical scaffold 
 (i.e. machine learning algorithms)  (Figure 1)  . This  scaffold is iteratively adjusted during training 
 until the desired output can be reliably predicted and an action can be taken. In this setting, an 
 ever-growing list of inputs include patient clinical presentation, past medical history, genomics, 
 imaging, and biometrics, and can be roughly subdivided as tumor, host, or environmental 
 factors. The complexity of the algorithms is often driven by the quantity, heterogeneity, and 
 dimensionality of such data. Outputs are centered, most broadly, on increasing survival and/or 
 quality of life, but are often evaluated by necessity as a series of more granular surrogate 
 endpoints. 

 Figure 1:  Narrow task-specific AI applications addressing  a specific touchpoint along the patient 
 pathway, and utilizing a specific data type and AI method. 
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Figure 1. Narrow task-specific AI applications addressing a specific touchpoint along the patient pathway, and utilizing 
a specific data type and AI method. 
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Datastreams for Clinical Oncology

The arc of research in oncology, increasing data generation, and advances in 
computational technology have collectively resulted in a frameshift from low-
dimensional to increasingly high-dimensional patient data representation. Earlier data 
and computational limitations often necessitated reducing unstructured patient data 
(e.g. medical images and biopsies) into a set of human-digestible discrete measures of 
disease extent. One notable example of such simplification lies within cancer staging 
systems, most prominently the AJCC TNM classification18. In 1977, with only three 
inputs commonly available - tumor size, nodal involvement, and presence of metastasis 
- the first edition AJCC TNM staging became standard of care for risk-stratification and 
decision-management in oncology. Over the subsequent decades, with the incorporation 
of other discrete data points, predictive nomograms could be generated using simple 
linear models, which have found practical use in certain situations19–22. More recently, 
improved methods to extract and analyze existing data coupled with new data streams 
and a growing understanding of inter- and intra-tumoral heterogeneity, have all led 
to the development of increasingly complex and specific stratification models. Key 
examples of novel data streams introduced over the past two decades are the Electronic 
Health Record, The Cancer Genome Atlas23, The Cancer Imaging Archive24, and the 
Project GENIE initiative25. Key examples of advanced risk-stratification and prediction 
models are the prostate cancer Decipher score26 and breast cancer OncotypeDx score27, 
which utilize discrete genomic data and shallow machine learning algorithms to form 
clinically validated predictive models. Useful oncology datastreams, roughly following 
historical order of availability, include: clinical presentation, tumor stage, histopathology, 
qualitative imaging, tumor genomics, patient genomics, quantitative imaging, liquid 
biopsies, electronic medical record mining, wearable devices, and digital behavior 
(Figure 1). Furthermore, as a patient moves along the cancer care pathway, the number 
of influxing, intra-patient datastreams grows. With each step through the pathway, new 
data is generated out of the pathway with the potential to be reincorporated at a later 
time back into the pathway (Figure 2).

As our biological knowledge base and datastreams grow in clinical oncology, machine 
learning algorithms can be deployed to learn patterns that apply to more and more 
precise patient groups and generate predictions to guide treatment for the next, “unseen” 
patient. As we assimilate more data, optimal cancer care, i.e. the care that results in the 
best survival and quality of life for a patient, inevitably becomes precision care, assuming 
we have the necessary tools to fully utilize the data. Here, at this intersection of data 
complexity and precision care in clinical oncology, is where the promise of AI has been 
so tantalizing, though as of yet, unfulfilled.
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It is tempting to think that, given the increasing data streams that encompass multiple 
patient characteristics and outcomes, one could develop a unifying, dynamic model 
to synthesize and drive precision oncology, developing a “virtual-guide” of sorts for 
the oncologist and patient29. Analogies are often made to transformative technologies, 
such as self-driving cars and social media recommendations that leverage powerful 
neural networks on top of streams composed of billions of incoming data points, to 
predict real-time outcomes and continually improve performance. While in theory, 
this strategy could one day be deployed in a clinical setting, there are vast differences 
between these domains that question whether or not we should or even could pursue 
this strategy currently. One of the most glaring differences between the healthcare and 
technology domains, in terms of AI application, is the striking difference in data quality 
and quantity. While there has been a sea change in the collection of data within the 
healthcare field over the past decade, driven by the adoption of the Electronic Health 
Record, datasets still remain virtually siloed, intensely regulated, and, particularly in 
cancer care, much too small to leverage the most powerful AI algorithms available30,31. 
One of the most high-profile of these endeavors, IBM’s Watson Oncology project, has 
attempted to develop a broad prediction machine to guide cancer care, but has been 
limited by suboptimal concordance with human oncologists’ recommendations and 
subsequent distrust32–34. 

As our biological perspective has evolved, we now know that cancer is made up of 
thousands of distinct entities that will follow different trajectories, each with different 
treatment strategies35,36. In computational model development, there is thought to be a 
bare minimum number of data samples required for each model input feature37. As we 
seek to make recommendations more and more bespoke, it becomes more challenging 
to accrue the quantity of training data necessary to leverage complex algorithms. 
Fortunately, this data gap in healthcare is well-recognized, and a number of initiatives 
have been proposed to streamline and unify data collection38. However, given the 
innately heterogeneous, fragmented, and private nature of healthcare data, we in the 
oncology field may never achieve a level of data robustness enjoyed by other technology 
sectors. Therefore, strategies are necessary to mitigate the data problem, such as proper 
algorithm selection, model architecture improvements, data preprocessing, and data 
augmentation techniques. Above all, thoughtful selection of narrow use cases across 
cancer care touchpoints is paramount in order to yield clinical impact.

Once rigorously tested, these narrow-AIs could then be aggregated over the course of a 
patient’s care to provide a measurable, clinical benefit. This sort of AI-driven dimensionality 
reduction of a patient’s feature space allows for optimizing the development process 
and exporting of quality AI applications in the present environment of siloed data, 
expertise, and infrastructure. As of writing, there are approximately 20 FDA-approved 
AI applications targeted specifically for clinical oncology, and each of these performs 
a narrow task, utilizing a single data stream at a specific cancer care touchpoint29,39,40 
(Table 1). We hypothesize that the future of AI in oncology will continue to consist of 
an aggregation of rigorously evaluated, narrow-task models, each one providing small, 
incremental benefits for patient quantity and quality of life. In the next sections, we will 
review select AI applications that have excelled with this narrow-task approach.
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T3. Diagnosis. Diagnosing involves the exclusion of other benign disease processes 
and the characterization of cancer by primary site, histopathology, and increasingly, 
genomic classification. Diagnosis represents an AI touchpoint for these three domains 
by analyzing their respective datastreams: including clinical exam and medical imaging 
(i.e. Radiomics), digital pathology, and genomic sequencing. A key study that revealed 
the promise of deep learning for cancer diagnosis showed that convolutional neural 
networks could achieve dermatologist level accuracy in the classification of skin cancers 
utilizing digital photographs15. Other promising areas of investigation in this realm 
include non-invasive brain tumor diagnosis52 and prostate cancer Gleason grading53 via 
MRI, automated histopathologic diagnosis for breast cancer54 and prostate cancer55 , 
and utilization of radiographic and histopathologic data to predict underlying genomic 
classification56. Thus far, the Screening and Diagnosis touchpoints account for nearly all 
FDA-approved AI applications for clinical oncology, with three algorithms focusing on 
mammography and three focusing on CT-based lesion diagnosis39 .

T4. Risk Stratification and Prognosis. Historically, risk-stratification consisted of TNM 
staging, though increasingly additional datastreams such as genomics, advanced 
imaging, and serum markers have allowed for more precise risk stratification. Given 
the vast heterogeneity in cancer risk, risk-stratification presents a highly attractive use 
case for AI. Over the past two decades, genomic classifiers, developed with machine 
learning, have been integrated into risk-stratification for a number of malignancies. 
Classifiers such as OncotypeDx for breast cancer, a logistic regression based classifier, 
and the Decipher score, a random forest-based classifier, have demonstrated the ability 
to improve prognostication57 and guide treatment58. The Decipher score genomic 
classifier is based on 22 genomic expression markers input into a random forest model 
that was trained to predict metastasis after prostatectomy for patients with prostate 
cancer at a single institution26. This classifier has been subsequently validated in several 
external settings, and is now undergoing investigation in several randomized control 
trials (NCT04513717; NCT02783950). Deep learning strategies have been explored to 
integrate multi-omic data sources into risk-stratification models utilizing combinations 
of diagnostic imaging59, EHR data43,60, and genomic information61. Furthermore, there 
is the potential for deep learning to better risk-stratify patients based on large population 
databases, such as the Surveillance, Epidemiology, and End Results Program, by learning 
non-linear relationships between database variables, though preliminary efforts require 
validation62.

T5. Initial Treatment Strategy. The formulation of initial treatment strategy is arguably 
the most pivotal touchpoint for AI in the cancer pathway, as it directly influences patient 
management. The last two decades have seen exponential growth in the number and 
complexity of initial treatment options for common cancers3. A common predicament 
for initial treatment is what combination of systemic therapy, radiotherapy, and surgery is 
optimal for a given patient. Machine learning methods utilizing genomic63 and radiomic 
data64 have been investigated to predict radiation sensitivity. While immunotherapy has 
been adopted in an increasing number of disease settings, it remains difficult to predict 
response based on currently available biomarkers, and machine learning algorithms 
with radiomic input have demonstrated the ability to improve response prediction65. 
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Furthermore, deep learning has demonstrated the ability to analyze multi-modal 
datastreams within the genomic realm: a recent analysis demonstrated that integration 
of tumor mutational burden, copy number alteration, and microsatellite instability 
code can help predict response to immunotherapy66. AI is also enabling more accurate 
“evidence-based treatment”. Natural language processing and powerful language models 
can help analyze published scientific works and utilize existing oncology literature 
e.g. extracting medical oncology concepts from EHR and linking these to a literature 
corpus67.

T6. Response Assessment. Assessment of response to treatment generally includes 
radiographic and clinical assessments. Quantitative response assessment criterias 
like RECIST and RANO have long been established as reproducible ways to assess 
response to therapy, though in the age of targeted immunotherapies, validity has been 
questioned68. As targeted therapeutics and immunotherapies have entered the clinic, 
however, it has become clear that response assessment via RECIST is inadequate, due 
to phenomena such as pseudoprogression69. Detailed response assessment is often a 
time intensive process that requires a high degree of human expertise and experience, 
not to mention high intra- and inter-reader variability. Additionally, despite periodic 
review and revision of these criteria, they remain inapt at capturing edge cases, such as 
variable lesion response, in the case of patients receiving immunotherapy. Deep learning 
has demonstrated potential for automated response assessment, including automated 
RANO assessment70 and RECIST response in patients undergoing immunotherapy 71. 

T7. Subsequent Treatment Strategy. When approaching AI algorithm development for 
subsequent treatment strategy, there are a number of specific considerations that generate 
complexity as compared to from initial treatment strategy. Firstly, there are additional 
datastreams to consider, such as prior treatments, treatment-related toxicity, restaging 
imaging, and often multiple tissue specimens. Given the heterogeneity in datastreams 
and the shrinking patient populations from which to build these models, subsequent 
treatment strategy is a challenging space for evidence-based decision-making, and in turn, 
for reliable AI applications. Algorithms that utilize longitudinal follow-up information 
may help here. In one example, AI has demonstrated the ability to synthesize serial CT 
follow-up imaging for lung cancer patients post-chemoradiation, and demonstrated the 
ability to predict later recurrence72. An intervention such as this could guide selection 
for patients to undergo consolidative treatments like surgery or immunotherapy.

T8. Follow-up. Another underexplored area for AI oncologic applications is development 
of tools to guide precision follow-up. Diagnostic and screening algorithms may often be 
transferable to the follow-up setting, but will require retraining and validation for the 
task of interest. Similar to T7, the effect of prior cancer treatment on the datastream 
will often shift things significantly. For example, radiomic features extracted from the 
same tumor, pre- and post-treatment, show significant discrepancies73. These “delta” 
features could be used to predict patient recurrence risk and late toxicity, helping to 
tailor follow-up plans74. Appropriately triaging patients for escalated follow-up and 
attention can promote decreased morbidity and more efficient healthcare resource 
utilization; AI leveraging EHR data has demonstrated the ability to accomplish this, by 
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selecting patients at high risk for acute care visit while undergoing cancer therapy and 
assigning them to an escalated preventative care strategy75. In cases where patients have 
untreatable relapse, end-of-life care becomes an extremely important and challenging 
process. AI has shown potential here as well, as a way to triage patients at high risk of 
mortality and nudge physicians to converse with patients regarding their values, wishes, 
and quality of life options76.

Challenges for Clinical Translation: Beyond Performance Validation

While tremendous strides have been made in the development of oncologic AI, as 
evidenced by the surge in publications and published datasets in recent years, there 
remains a large gap between evidence for AI performance and evidence for clinical 
impact. While there have been thousands of published studies of deep learning algorithm 
performance77, a recent systematic review, found only nine prospective trials, and two 
published randomized clinical trials of deep learning in medical imaging7.

As alluded to above, perhaps the defining barrier to development of clinical AI 
applications in oncology, and healthcare overall, is data limitation, both in quality and 
quantity. The problems with data curation, aggregation, transparency, bias, and reliability 
have been well-described78,79. Additionally, the lack of AI model interpretability, trust, 
reproducibility, and generalizability have received ample, and well-justified attention80. 
While all of these challenges must be overcome for successful AI development, here 
we will introduce several concepts specific to clinical translation of models that have 
already succeeded in preliminary stages of development and validation: clinical validity, 
utility, and usability (Figure 3). Incorporation of these concepts into model design and 
evaluation is easy to overlook, yet is critical to move clinical AI beyond the research and 
development stage into real-world cancer care.
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use, is to conduct trial, run-in periods of “silent” prospective testing in the scenario of 
interest86. If a model performs well in the run-in period, there is some assurance that 
it will be safe to utilize, though its performance on extremely rare cases may be still 
difficult to presume.

Demonstrating clinical utility, requires clinical validity as a prerequisite, but goes 
beyond performance validation to the testing of clinically meaningful endpoints. High 
performance on commonly used endpoints, such as area under the receiver operating 
characteristic curve, sensitivity, or specificity, may suffice for certain diagnostic 
applications, but real-world impact will require validation of clinical endpoints as 
appropriate for each touchpoint along the care pathway. In the case of oncology, this 
includes overall survival, disease control, toxicity reduction, quality of life improvement, 
and decrease of healthcare resource utilization. Testing of these endpoints should be 
ideally performed in the setting of a randomized trial. The gold standard would be 
randomizing patients to the AI intervention and directly comparing clinical endpoints. 
A few of these trials have been completed, with one notable example involving testing 
accuracy for polyp detection rate on colonoscopy87. In this study, the primary outcome 
was adenoma detection rate. Despite demonstrating the superiority of the AI systems, 
downstream clinical benefit in terms of quality of life or survival requires yet further 
investigation. Another approach to AI clinical trials is to apply a validated model to all 
patients for risk-stratification, and then to apply randomized interventions. This was 
pursued successfully in a trial that utilized EHR data to predict patients at high-risk 
for emergency department (ED) visits during radiotherapy75. High-risk patients were 
then randomized to usual care, or extra preventative provider visits. It was found that 
high-risk patients randomized to extra visits had significantly fewer ED and hospital 
admissions, while low-risk patients had uniformly low rates of ED and hospital 
admissions without extra care. While providing a lower level of clinical utility evidence 
than a true randomized trial, this type of study strategy is attractive and practical for 
AI-based risk-prediction models, which make up a large proportion of AI models in 
development. Randomized clinical trials are notoriously difficult and time-consuming 
to execute, and AI interventions have unique characteristics that make such undertakings 
even more daunting. Notably, AI models are able to adapt to new data and improve 
over time; how would one take this into account in a traditional randomized trial? 
While we need AI to embrace randomized trials to truly prove clinical utility, it may be 
time to recognize that a re-imagining of the traditional randomized clinical trial may be 
necessary to appropriately study the benefits of AI applications88.

Beyond validation of clinically meaningful endpoints, demonstrating clinical usability 
involves study of the AI model in a real-world setting, where it interfaces with 
clinical practitioners and patients. Evaluation of effects of the model on timed tasks, 
user satisfaction, and acceptance of AI recommendations should be performed89. A 
mechanism of feedback should be integrated into the design of the platform to identify 
weak points and opportunities for improved interface90. Additionally, interoperability 
between systems at the facility-to-facility, intra-facility, and point-of-care levels are 
crucial to streamline workflow91. Usability issues are also specific to the datastreams 
being analyzed. New datastreams such as mobile health data and wearable activity 
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monitors each present unique challenges to usability and adoption43. A key component 
of promoting usability is interpretability of the AI algorithm. As data streams become 
more dimensional, it is increasingly difficult to discern a biological or clinical rationale 
supporting an algorithm’s predictions. This “black-box” effect may be acceptable in 
certain consumer electronics industries, but due to the consequential and medicolegal 
nature of healthcare decision-making, lack of interpretability poses a tremendous barrier 
to clinical use92,93. Fortunately, there is a growing research field dedicated to investigation 
of interpretability issues, and several techniques, such as saliency maps, hidden-states 
analysis, variable importance metrics, and feature visualizations can illuminate some 
aspects of AI prediction rationale94,95. Beyond this, an appreciation of advances in 
Human Factors research and collaboration with appropriate experts can help streamline 
the adoption of otherwise clinically validated algorithms. Finally, translating algorithms 
into clinical usable solutions requires robust information technology support services 
that may require dedicated investment from clinical institutions and departments.

Another key concept related to clinical usability is addressing the challenges that 
emerge when multiple AI models are deployed sequentially or simultaneously at a given 
touchpoint or series of touchpoints. Orchestration of these situations, which are expected 
to become more common, require attention to end-user responsibilities, interoperability, 
access, and training. As a patient moves through the oncology care path, they interact 
(directly or indirectly) with many different care providers who may be the primary users 
of a given AI application (Figure 2). These users may have a primarily diagnostic or 
therapeutic role (or both). From a simplified perspective, the primary diagnosticians of 
the cancer care path are pathologists and radiologists, while the therapeutic clinicians 
tend to be medical, radiation, and surgical oncologists. Multidisciplinary touchpoints 
along the pathway, e.g. tumor boards, represent opportunities to collate and orchestrate 
disparate AI applications. In addition to physicians, there are numerous advanced 
practice providers such as nurses and physician assistants, as well as therapists, social 
workers, and medical students, who may be users of a specific AI application. If, for 
example, a patient receives a CT scan with an AI-generated prediction of malignancy, 
and this prediction is subsequently utilized as input for another algorithm to recommend 
surgery as treatment, who is the “designated user” primarily responsible for utilizing and 
disseminating that information? A further issue, which logically follows, is who is legally 
liable for decisions based on the use of the model. Specific solutions have not yet been 
developed to address these issues, and are, unfortunately, likely to arise on an ad hoc, 
case by case basis. This clinical orchestration of AI models merits further resources, 
investigation, and guidelines aimed at medical AI developers and cancer care providers 
to navigate these complex issues.

Despite the vanishingly few FDA-approved AI applications for oncologic indications, 
with numerous applications in the pipeline, there is high interest in streamlining ways 
to bridge the gap between development and clinical translation. Accordingly, the FDA 
is in the process of devising AI and machine learning-specific guidelines for approved 
clinical use. The recently released action plan incorporates the above clinical concepts 
and sets the stage for further defining a framework for safe AI translation to the clinic96. 
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Abstract

Artificial intelligence (AI) algorithms, particularly deep learning, have demonstrated 
remarkable progress in image-recognition tasks. Methods ranging from convolutional 
neural networks to variational autoencoders have found myriad applications in the 
medical image analysis field, propelling it forward at a rapid pace. Historically, in 
radiology practice, trained physicians visually assessed medical images for the detection, 
characterization and monitoring of diseases. AI methods excel at automatically recognizing 
complex patterns in imaging data and providing quantitative, rather than qualitative, 
assessments of radiographic characteristics. In this opinion article, we establish a general 
understanding of AI methods, particularly those pertaining to image-based tasks. We 
explore how these methods could impact multiple facets of radiology, with a general 
focus on applications in oncology, and demonstrate ways in which these methods are 
advancing the field. Finally, we discuss the challenges facing clinical implementation 
and provide our perspective on how the domain could be advanced.





Chapter 3

52

Within healthcare, AI is becoming a major constituent of many applications including 
drug discovery, remote patient monitoring, medical diagnostics and imaging, risk 
management, wearables [G], virtual assistants, and hospital management. Many domains 
with big data components such as the analysis of DNA and RNA sequencing data8 are 
also expected to benefit from the use of AI. Medical fields that rely on imaging data, 
including radiology, pathology, dermatology9, and ophthalmology10, have already begun 
to benefit from the implementation of AI methods (Box 2). Within radiology, trained 
physicians visually assess medical images and report findings to detect, characterize, and 
monitor diseases. Such assessment is often based on education and experience and can 
be, at times, subjective. In contrast to such qualitative reasoning, AI excels at recognizing 
complex patterns in imaging data and can provide a quantitative assessment in an 
automated fashion. More accurate and reproducible radiology assessments can then be 
made when AI is integrated into the clinical workflow as a tool to assist physicians. 

Machine learning algorithms based on predefined engineered features
Traditional artificial intelligence (AI) methods rely, largely, on predefined engineered feature 
algorithms (Figure 2A) with explicit parameters based on expert knowledge. Such features 
are designed to quantify specific radiographic characteristics, such as the 3D shape of a tumor 
or the intratumoral texture and distribution of pixel intensities (histogram). A subsequent 
selection step ensures that only the most relevant features are used. Statistical machine learning 
models are then fit to this data to identify potential imaging-based biomarkers. Examples of 
these models include support vector machines and random forests.

Deep learning algorithms
Recent advances in AI research have given rise to new non-deterministic deep learning 
algorithms that do not require explicit feature definition, representing a fundamentally different 
paradigm in machine learning11–13. The underlying methods of deep learning have existed for 
decades. However, only in recent years, sufficient data and computational power have become 
available. Without explicit feature predefinition or selection, these algorithms learn directly 
by navigating the data space giving them superior problem-solving capabilities. While various 
deep learning architectures have been explored to address different tasks, convolutional 
neural networks (CNN) are the most prevalent deep learning architecture typologies in 
medical imaging today14. A typical CNN comprises a series of layers that successively map 
image inputs to desired endpoints, while learning increasingly higher level imaging features 
(Figure 2B). Starting from an input image, ‘hidden layers’ within CNNs usually include a 
series of convolution and pooling operations extracting feature maps and performing feature 
aggregation respectively. These hidden layers are then followed by fully connected layers 
providing high level reasoning before an output layer produces predictions. CNNs are often 
trained end-to-end with labelled data for supervised learning. Other architectures, such as 
deep autoencoders15 and generative adversarial networks16, are more suited to unsupervised 
learning tasks on unlabeled data. Transfer learning, or using pre-trained networks on other 
datasets, is often utilized when dealing with scarce data17.

Box 1: Artificial Intelligence methods in Medical Imaging
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As imaging data are collected during routine clinical practice, large datasets are - in 
principle - readily available, thus offering an incredibly rich resource for scientific 
and medical discovery. Radiographic images, coupled with data on clinical outcomes, 
has led to the emergence and rapid expansion of radiomics [G] as a field of medical 
research18–20. Early radiomics studies were largely focused on mining images for a large 
set of predefined engineered features [G] that describe radiographic aspects of shape, 
intensity, and texture. More recently, radiomics studies have incorporated deep learning 
techniques to learn feature representations automatically from example images14 hinting 
at the significant clinical relevance of many of these radiographic features. Within 
oncology, multiple efforts have successfully explored radiomics tools for assisting clinical 
decision making related to the diagnosis and risk stratification of different cancers21,22. 
For example, studies in non-small-cell lung cancer (NSCLC) used radiomics to predict 
distant metastasis in lung adenocarcinoma23, tumor histological subtypes24, as well as 
disease recurrence25, somatic mutations26, gene-expression profiles27, and overall survival 
rates28. Such findings have motivated exploring the clinical utility of AI-generated 
biomarkers based on standard-of-care radiographic images29 - with the ultimate hope of 
better supporting radiologists in disease diagnosis, imaging quality optimization, data 
visualization, response assessment, and report generation [G]. 

In this opinion article, we start by establishing a general understanding of AI methods 
particularly pertaining to image-based tasks. We then explore how up-and-coming AI 
methods will impact multiple radiograph-based practices within oncology. Finally, we 
discuss the challenges and hurdles facing the clinical implementation of these methods.

AI in Medical Imaging

The primary driver behind the emergence of AI in medical imaging has been the desire 
for greater efficacy and efficiency in clinical care. Radiological imaging data continues 
to grow at a disproportionate rate when compared with the number of available trained 
readers, and the decline in imaging reimbursements has forced healthcare providers to 
compensate by increasing productivity30. These factors have contributed to a dramatic 
increase in radiologists’ workload. Studies report that, in some cases, an average 
radiologist must interpret one image every 3-4 seconds in an 8-hour workday to meet 
workload demands31. As radiology involves visual perception as well as decision-making 
under uncertainty32, errors are inevitable - especially under such constrained conditions. 
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�oracic Imaging. Lung cancer is one of the most common and deadly of 
tumors. Lung cancer screening can help identify pulmonary nodules, with early 
detection being lifesaving in many cases. AI can help to automatically identify 
these nodules and also assist in categorizing them as benign or malignant.

Abdominal and Pelvic Imaging. With the rapid growth in medical imaging, 
especially computed tomography (CT) and magnetic resonance imaging 
(MRI), more incidental findings including liver lesions are identified. AI may 
aid in characterizing these lesions as benign or malignant and prioritizing 
follow up evaluation for these patients.

Colonoscopy. Colonic polyps that are undetected or misclassified pose a 
potential risk for colorectal cancer. While most polyps are initially benign, 
they can become malignant over time33. Hence, early detection and consistent 
monitoring with robust AI-based tools is critical. 

Mammography. Screening mammography is technically challenging to 
expertly interpret. AI can assist in the interpretation, in part by identifying 
and characterizing microcalcifications (small deposits of calcium in the breast).

Brain Imaging. Brain tumors are characterized by abnormal growth of tissue 
and can either be benign, malignant, primary or metastatic34.

Radiation Oncology. Radiation treatment planning can be automated by 
segmenting tumors for radiation dose optimization. Furthermore, assessing 
response to treatment by monitoring over time is essential to evaluate the 
success of radiation therapy efforts. AI is able to perform these assessments, 
thereby improving accuracy and speed.

N
on

-R
ad

io
lo

gy
-b

as
ed

Dermatology. Diagnosing skin cancer requires trained dermatologists to 
visually inspect suspicious areas. With the large variability in sizes, shades and 
textures, skin lesions are rather challenging to interpret9. The massive learning 
capacity of deep learning algorithms qualifies them to handle such variance and 
detect characteristics well beyond those considered by humans.

Pathology. The quantification of digital whole slide images of biopsies is vital 
in the accurate diagnosis of many types of cancers. With the large variation in 
imaging hardware, slide preparation, magnification and staining techniques, 
traditional AI methods often require considerable tuning to address this 
problem. More robust AI is able to more accurately perform mitosis detection, 
segment histologic primitives (such as nuclei, tubules and epithelium), count 
events as well as characterize and classify tissue35–38.

DNA and RNA sequencing. The ever increasing amounts of available 
sequencing data continues to provide opportunities for utilizing genomic 
endpoints in cancer diagnosis and care. AI-based tools are able to identify 
and extract high level features correlating somatic point mutations and cancer 
types39 as well as predict the effect of mutations on sequence specificities of 
RNA- and DNA-binding proteins40.

Box 2. Examples of Clinical Application Areas of Artificial Intelligence in Oncology
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There are two classes of AI methods that are in wide use today (Box 1, Figure 2). The 
first uses handcrafted engineered features that are defined in terms of mathematical 
equations (such as tumor texture) and can thus be quantified using computer programs45. 
These features are used as input to state-of-the-art machine learning models that are 
trained to classify patients in ways that can support clinical decision making. While 
such features are perceived to be discriminative, they rely on expert definition and hence 
do not necessarily represent the most optimal feature quantification approach for the 
discrimination task at hand. Moreover, predefined features are often unable to adapt to 
variations in imaging modalities, such as computed tomography (CT), positron emission 
tomography (PET), and magnetic resonance imaging (MRI), and their associated signal 
to noise characteristics.

The second method, deep learning, has gained considerable attention in recent years. 
Deep learning algorithms can automatically learn feature representations from data 
without the need for prior definition by human experts. This data driven approach allows 
for more abstract feature definitions making it more informative and generalizable. Deep 
learning can thus automatically quantify phenotypic characteristics of human tissues46, 
promising substantial improvements in diagnosis and clinical care. Deep learning has 
the added benefit of reducing the need for manual preprocessing steps. For example, to 
extract predefined features, accurate segmentation [G] of diseased tissues by experts is 
often needed47. Because deep learning is data driven (Box 1), with enough example data 
it can automatically identify diseased tissues and hence avoid the need for expert defined 
segmentations. Given its ability to learn complex data representations, deep learning is 
also often robust against unwanted variation such as inter-reader variability, and can 
hence be applied to a large variety of clinical conditions and parameters. In many ways, 
deep learning can mirror what trained radiologists do, that is, identify image parameters, 
but also weigh up the importance of these parameters based on other factors to arrive at 
a clinical decision. 

Given the growing number of applications of deep learning in medical imaging14, 
several efforts have compared deep learning methods with their predefined feature-
based counterparts, and have reported substantial performance improvements with deep 
learning48,49. Studies have also shown that deep learning technologies are on par with 
radiologists’ performance for both detection50 and segmentation51 tasks in ultrasound 
and MRI respectively. For the classification tasks of lymph node metastasis in PET–CT, 
deep learning had higher sensitivities but lower specificities than radiologists52. As these 
methods are iteratively refined and tailored for specific applications, a better command 
of the sensitivity:specificity trade-off is expected. Deep learning can also enable faster 
development times as it depends solely on curated data and its corresponding metadata 
rather than domain expertise. On the other hand, traditional predefined feature systems 
have shown plateauing performance over recent years and hence do not generally meet 
the stringent requirements for clinical utility. As a result, only a few have been translated 
into the clinic53. It is expected that high performance deep learning methods will surpass 
the threshold for clinical utility within the near future, and can therefore be expeditiously 
translated into the clinic.
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Impact on Oncology Imaging 

In this section, we focus on three main clinical radiology tasks that specifically pertain 
to oncology: abnormality detection followed by characterization and subsequent 
monitoring of change (Figure 3). These tasks require a diversified set of skills: medical, 
in terms of disease diagnosis and care, as well as technical for capturing and processing 
radiographic images. Both these skills hint at the ample opportunities where up and 
coming AI technologies can positively impact clinical outcomes by identifying phenotypic 
characteristics in images. In addition to performing these tasks on radiographic cancer 
images, such as in thoracic imaging and mammography, they are also common to other 
oncology subspecialties where non-radiographic images are used (Box 2). For each of 
these tasks, we investigate technologies currently being utilized in the clinic and provide 
highlights of research efforts aimed at integrating state-of-the-art AI developments in 
these practices.

Detection 

Within the manual detection workflow, radiologists rely on manual perceptive skills to 
identify possible abnormalities, followed by cognitive skills to either confirm or reject the 
findings. Radiologists visually scan through stacks of images while periodically adjusting 
viewing planes and window width and level settings. Relying on education, experience 
and an understanding of the healthy radiograph, radiologists are trained to identify 
abnormalities based on changes in imaging intensities or the appearance of unusual 
patterns. These criteria, and many more, fall within a somewhat subjective decision 
matrix that enables reasoning in problems ranging from detecting lung nodules to 
breast lesions and colon polyps. As dependence on computers has increased, automated 
methods for the identification and processing of these predefined features - collectively 
known as computer aided detection (CADe) - have long been proposed and occasionally 
utilized in the clinic45. Radiologist-defined criteria are distilled into a pattern recognition 
problem where computer vision algorithms highlight conspicuous objects within the 
image54. However, these algorithms are often task-specific and do not generalize across 
diseases and imaging modalities. Additionally, the accuracy of traditional predefined 
feature-based CADe systems remains questionable with ongoing efforts to reduce false 
positives. It is often the case that outputs have to be assessed by radiologists to decide 
if a certain automated annotation merits further investigation, thereby making it labor 
intensive. In examining mammograms, some studies have reported that radiologists 
rarely altered their diagnostic decisions after viewing results and that predefined feature-
based CADe integration had no statistical significance on the radiologist’s performance 
within a clinical setting55,56. This is owing, in part, to the sub-human performance 
of these systems. Recent efforts have explored deep learning-based CADe to detect 
pulmonary nodules in CT57 and prostate cancer in multiparametric imaging [G], 
specifically multiparametric MRI58. In detecting lesions in mammograms, early results 
show that utilizing convolutional neural networks (Deep learning algorithms; Box 1) 
in CADe outperforms traditional CADe systems at low sensitivity while performing 
comparably at high sensitivity, and shows similar performance compared to human 
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readers59. These findings hint at the utility of deep learning in developing robust high-
performance CADe systems.

Characterization 

Characterization is an umbrella term referring to the segmentation, diagnosis, 
and staging of a disease. These tasks are accomplished by quantifying radiological 
characteristics of an abnormality, such as the size, extent, as well as internal texture. 
While handling routine tasks of examining medical images, humans are simply not 
capable of accounting for more than a handful of qualitative features. This is exacerbated 
by the inevitable variability across human readers, with some performing better than 
others. Automation through AI can, in principle, consider a large number of quantitative 
features together with their degrees of relevance - while performing the task at hand in 
a reproducible manner every time. For instance, it is difficult for humans to accurately 
predict the status of malignancy in the lung due to the similarity between benign and 
malignant nodules in CT scans. AI can automatically identify these features, and many 
others, while treating them as imaging biomarkers. Such biomarkers could hence be 
used to predict malignancy likelihood amongst other clinical endpoints including risk 
assessment, differential diagnosis, prognosis, and response to treatment.

Within the initial segmentation step, whilst non-diseased organs can be segmented with 
relative ease, identifying the extent of diseased tissue is potentially orders of magnitude 
more challenging. Typical practices of tumor segmentation within clinical radiology 
today are often limited to high-level metrics such as the largest in-plane diameter. 
However, in other clinical cases, a higher specificity and precision are vital. For instance, 
in clinical radiation oncology, the extents of both tumor and non-tumor tissues have 
to be accurately segmented for radiation treatment planning. Attempts at automating 
segmentation have made their way into the clinic, with varying degrees of success60. 
Segmentation finds its roots in earlier computer vision research carried out in the 1980s61 
with continued refinement over the past decades. Simpler segmentation algorithms 
used clustered imaging intensities to isolate different areas, or utilized region growing 
where regions are expanded around user-defined seed points within objects until a 
certain homogeneity criterion is no longer met62. A second generation of algorithms 
saw the incorporation of statistical learning and optimization methods to improve 
segmentation precision, such as the watershed algorithm where images are transformed 
into topological maps with intensities representing heights63. More advanced systems 
incorporate prior knowledge into the solution space, as in the use of a probabilistic 
atlas [G] - often an attractive option when objects are ill-defined in terms of their pixel 
intensities. Such atlases have enabled more accurate automated segmentations as they 
contain information regarding the expected locations of tumors across entire patient 
populations60. Applications of probabilistic atlases include segmenting brain MRI for 
locating diffuse low-grade glioma64, prostate MRI for volume estimation65 and head and 
neck CT for radiotherapy treatment planning66, to name a few. 
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Recently proposed deep learning architectures for segmentation include fully 
convolutional networks, networks comprised of convolutional layers only, that output 
segmentation probability maps across entire images67. Other architectures, such as the 
U-net68, have been specifically designed for medical images. Studies have reported that a 
single deep learning system is able to perform diverse segmentation tasks across multiple 
modalities and tissue types: brain MRI, breast MRI and cardiac CT angiography (CTA), 
without task-specific training69. Others describe deep learning methods for brain MRI 
segmentation that completely eliminate the need for image registration, a required 
preprocessing step in atlas-based methods70.

Multiple radiographic characteristics are also employed in subsequent diagnosis tasks. 
These are critical to identify, for instance, if a lung nodule is solid or if it contains non-
solid areas, also known as ground-glass opacity [G] (GGO) nodules. GGOs are rather 
challenging to diagnose and often require special management protocols, mainly due 
to the lack of associated characteristics of malignancy or invasiveness in radiographs71. 
Generally, tumor radiographic characteristics may include information regarding size, 
maximum diameter, sphericity, internal texture, and margin definition. The logic for 
diagnosis is based on these, often subjective, characteristics enabling the stratification 
of objects into classes indicative of being benign or malignant. Methods to automate 
diagnoses are collectively referred to as computer aided diagnosis (CADx) systems. 
Similar to CADe, they often rely on predefined engineered discriminative features. 
Several systems are already in clinical use, as is the case with screening mammograms72. 
They usually serve as a second opinion in complementing a radiologist’s assessment73 
and their perceived successes have led to the development of similar systems for other 
imaging modalities including ultrasound and MRI74. For instance, traditional CADx 
systems have been used on ultrasound images to diagnose cervical cancer in lymph nodes, 
where they have been found to improve the performance of particularly inexperienced 
radiologists as well as reduce variability amongst them75. Other application areas include 
prostate cancer in multiparametric MRI where a malignancy probability map is first 
calculated for the entire prostate, followed by automated segmentation for candidate 
detection76.

The accuracy of traditional predefined feature-based CADx systems is contingent upon 
several factors, including the accuracy of prior object segmentations. It is often the case 
that errors are magnified as they propagate through the various image-based tasks within 
the clinical oncology workflow. We also find that some traditional CADx methods fail 
to generalize across different objects. For instance, while the measurement of growth 
rates over time is considered as a major factor in assessing risk, pulmonary nodule CADx 
systems designed around this criterion are often unable to accurately diagnose special 
nodules such as cavity and GGO nodules77. Such nodules require further descriptors 
for accurate detection and diagnosis - descriptors that are not discriminative when 
applied to the more common solid nodules78. This eventually leads to multiple solutions 
that are tailored for specific conditions with limited generalizability. Without explicit 
predefinition of these discriminative features, deep learning-based CADx is able to 
automatically learn from patient populations and form a general understanding of 
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variations in anatomy - thus allowing it to capture a representation of common and 
uncommon cases alike. 

Architectures such as CNNs are well suited for supervised diagnostic classification tasks 
(Figure 2B). For both the breast lesion and lung nodule classification tasks, studies 
report a substantial performance gain of deep learning-based CADx - specifically 
those utilizing stacked denoising auto-encoders - over its traditional state-of-the-art 
counterparts. This is mainly owing to the automatic feature exploration mechanism 
and higher noise tolerance of deep learning. Such performance gain is assessed using 
multiple metrics including the area under receiver operating characteristic curve [G] 
(AUC), accuracy, sensitivity and specificity to name a few49. 

Staging systems, such as tumor–node–metastasis (TNM) in oncology, rely on preceding 
information gathered through segmentation and diagnosis to classify patients into 
multiple predefined categories79. This enables a well-informed choice of the type of 
treatment and aids in predicting survival likelihood and prognosis. Staging has generally 
seen little to no automation since it relies on qualitative descriptions that are often 
difficult to quantitatively measure. The automated staging of primary tumor size (T), 
nearby lymph nodes (N), and distant metastasis (M) all require different feature sets and 
approaches. While traditional machine learning might have relied on ensemble methods 
where multiple distinct models are combined, deep learning has the ability to learn 
joint data representations simultaneously80 - making it well suited for such multi-faceted 
classification problems. Most deep learning efforts to detect lymph node involvement 
and distant metastasis - and ultimately obtain an accurate staging - have been carried 
out on pathology images81,82. However, more work on radiographic images is expected 
to appear in the near future.
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humans such as relatively large variations in object size, shape, and cavitation, others are 
not. These could include subtle variations in texture and heterogeneity within the object. 
Poor image registration, dealing with multiple objects as well as physiological changes 
over time all contribute to more challenging change analyses. Moreover, the inevitable 
interobserver variability84 remains to be a major weakness in the process. Computer 
aided change analysis is considered a relatively younger field compared with CADe and 
CADx systems, one that has not yet achieved as much of a widespread adoption85. Early 
efforts in automating change analysis workflows relied on the automated registration 
of multiple images followed by subtracting them from one another, where changed 
pixels are highlighted and presented to the reader. Other more sophisticated methods 
perform a pixel-by-pixel classification - based on predefined discriminative features - 
to identify changed regions and hence produce a more concise map of change86. As 
the predefined features used for registration differ from those used for the subsequent 
change analysis, a multi-step procedure is required combining different feature sets. This 
could compromise the change analysis step as it becomes highly sensitive to registration 
errors. With computer aided change analysis based on deep learning, feature engineering 
is eliminated and a joint data representation can be learned. Deep learning architectures, 
such as recurrent neural networks, are very well suited for such temporal sequence data 
formats and are expected to find ample applications in monitoring tasks.

Other Opportunities 

In addition to the three primary clinical tasks mentioned above, AI is expected to 
impact other image-based tasks within the clinical radiology workflow. These include 
the preprocessing steps following image acquisition as well as subsequent reporting and 
integrated diagnostics (Figure 3A).

Starting at the outset of the workflow, the first of these tasks to be improved is 
reconstruction. We find a widening gap between advancements in image acquisition 
hardware and image reconstruction software, a gap potentially addressed by new 
deep learning methods for suppressing artifacts and improving overall quality. For 
instance, CT reconstruction algorithms have seen little to no change in the past 25 
years87. Additionally, many filtered-back projection image reconstruction algorithms are 
computationally expensive, signifying that a tradeoff between distortions and runtime 
is inevitable88. Recent efforts report deep learning’s flexibility in learning reconstruction 
transformations for various MRI acquisition strategies, by treating the reconstruction 
process as a supervised learning [G] task where a mapping between the scanner sensors 
and resultant images is derived89. Other efforts employ novel AI methods to correct for 
artifacts as well as address certain imaging modality-specific problems such as the limited 
angle problem in CT90 - a missing data problem where only a portion of the scanned 
space can be reconstructed, due to the scanner’s inability to perform full 180° rotations 
around objects. Studies have also utilized CNNs and synthetically generated artifacts 
to combine information from original and corrected images as a means to suppress 
metal artifacts91. More work is needed to investigate the accuracy of deep learning-based 
reconstruction algorithms and their ability to recreate rare unseen structures, as initial 
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errors propagated throughout the radiology workflow can have adverse effects on patient 
outcome. 

Another preprocessing task to be enhanced is registration, as touched upon previously 
in the monitoring section. This process is often based on predefined similarity criteria 
such as landmark and edge-based measures. In addition to the computational power 
and time consumed by these predefined feature-based methods, some are sensitive to 
initializations [G] , chosen similarity features, and the reference image92. Deep learning 
methods could handle complex tissue deformations through more advanced non-rigid 
registration algorithms whilst providing better motion compensation for temporal image 
sequences. Studies have shown that deep learning leads to generally more consistent 
registrations and is an order of magnitude faster compared with more conventional 
methods93. Additionally, deep learning is multi-modal in nature where a single shared 
representation between imaging modalities can be learned94. Multimodal images in 
cancer have enabled the association of multiple quantitative functional measurements 
as in the PET hybrids: PET–MRI and PET–CT, thus improving the accuracy of tumor 
characterization and assessment95. With robust registration algorithms based on deep 
learning, the utility of multimodal imaging can be further explored without concerns 
regarding registration accuracy.

Radiology reports lie at the intersection of radiology and multiple oncology subspecialties. 
However, the generation of these textual reports can be a laborious and routine time-
consuming task. When compared to conventional dictation, even structured reporting 
systems with bulleted formatting have been shown not to improve attending physicians’ 
perception of report clarity96. As the report generation task falls towards the end of the 
radiology workflow, it is the most sensitive to errors from preceding steps. Additionally, 
the current radiologist–oncologist communication model has not been found to be 
optimally coordinated - especially with regards to monitoring lesions over time97. Due 
to the often different formats in which data is recorded by medical professionals, AI-run 
automatic report generation tools can pave the way for a more standardized terminology 
- an area that currently lacks stringent standards as well as an agreed upon understanding 
of what constitutes a ‘good’ report98. Such tools could also replace the traditional 
qualitative text-based approach with a more interactive quantitative one, which has 
been shown to enhance and promote collaboration between different parties99. Within 
lung cancer screening, this could include quantified information about the size and 
location of a nodule, probability of malignancy and associated confidence level. These 
well-structured reports are also immensely beneficial to population sciences and big data 
mining efforts. Following deep learning advances in the automatic caption generation 
[G] from photographic images100, recent efforts have explored means to diagnose 
abnormalities in chest x-rays and automatically annotate it in a textual format101.

After carrying out various clinical tasks and generating radiology reports (Figure 3A), 
AI-based integrated diagnostics could potentially enable healthcare-wide assimilation of 
data from multiple streams, thus capitalizing on all data types pertaining to a particular 
patient. In addition to radiology reports describing findings from medical images and 
their associated metadata, other data could be sourced from the clinic or from pathology 
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or genomics testing. Data from wearables, social media, and other lifestyle quantifying 
sources could all potentially offer valid contributions to such a comprehensive analysis. 
This will be crucial in providing AI biomarkers with robust generalizability towards 
different endpoints. Such consolidation of standard medical data, using traditional AI 
methods, has already demonstrated the ability to advance clinical decision-making in 
lung cancer diagnosis and care27. 

AI Challenges in Medical Imaging

We are currently witnessing a major paradigm shift in the design principles of many 
computer-based tools used in the clinic. There is great debate about the speed with which 
newer deep learning methods will be implemented in clinical radiology practice102, with 
speculations for the time needed to fully automate clinical tasks ranging from a few years 
to decades. The development of deep learning-based automated solutions will begin with 
tackling the most common clinical problems where sufficient data is available. These 
problems could involve cases where human expertise is in high demand or data is far too 
complex for human readers - examples of these include the reading of lung screening 
CTs, mammograms, and images from virtual colonoscopy. A second wave of efforts 
is likely to address more complex problems such as multiparametric MRI imaging. A 
common trait amongst current AI tools is their inability to address more than one task, 
as is the case with any narrow intelligence. A comprehensive AI system able to detect 
multiple abnormalities within the entire human body is yet to be developed. 

Data continues to be the most central and crucial constituent for learning AI systems. 
With one out of four Americans receiving a CT examination103 and one out of ten 
receiving an MRI examination104 annually, millions of medical images are produced 
each year. Additionally, recent well-implemented advances in US-based digital health 
systems - such as the Picture Archiving and Communication System (PACS) - have 
ensured medical images are electronically organized in a systematic manner105,106, with 
parallel efforts in Europe107 and developing countries108. It is clear that large amounts of 
medical data are indeed available, and are stored in such a manner that enables relative 
ease in access and retrieval. However, such data is rarely curated and this represents a 
major bottleneck in attempting to learn any AI model. Curation can refer to patient 
cohort selection relevant for a specific AI task, but can also refer to segmenting objects 
within images. Curation ensures that training data adheres to a defined set of quality 
criteria and is clear of compromising artifacts. It can also help avoid unwanted variance 
in data due to differences in data acquisition standards and imaging protocols, especially 
across institutions, such as the time between contrast agent administration and actual 
imaging. An example of data curation within oncology could include assembling a 
cohort of patients with specific stages of disease and tumor histology grades. While 
photographic images can be labelled by non-experts, using for instance crowdsourcing 
approaches, medical images do require domain knowledge. Hence, it is imperative that 
such curation is performed by a trained reader to ensure credibility - making the process 
expensive. It is also very time consuming, although utilizing recent deep learning 
algorithms promises to reduce annotation time substantially: meticulous slice-by-slice 
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segmentation can potentially be substituted by single seed points within the object and 
from which full segmentations could be automatically generated. The amount of data 
which needs to be curated is another limiting factor and is highly dependent on the AI 
approach - with deep learning methods being more prone to overfitting and hence often 
require more data.

The suboptimal performance of many automated and semi-automated segmentation 
algorithms60 has hindered their utility in curating data as human readers are almost 
always needed to verify accuracy. More complications arise with rare diseases where 
automated labelling algorithms are non-existent. The situation is exacerbated when 
only a limited number of human readers have prior exposure and are capable of 
verifying these uncommon diseases. One solution that enables automated data curation 
is unsupervised learning [G]. Recent advances in unsupervised learning, including 
generative adversarial networks16 and variational autoencoders15 amongst others, show 
great promise as discriminative features are learned without explicit labelling. Recent 
studies have explored unsupervised domain adaptation using adversarial networks to 
segment brain MRI, leading to a generalizability and accuracy close to that of supervised 
learning methods109. Others employ sparse autoencoders to segment breast density and 
score mammographic texture in an unsupervised manner110. Self-supervised learning 
[G] efforts have also utilized spatial context information as supervision for recognizing 
body parts in CT and MRI volumes through the use of paired CNNs111. Nevertheless, 
public repositories such as The Cancer Imaging Archive (TCIA)112 offer unparalleled 
open-access to labelled medical imaging data allowing immediate AI model prototyping, 
and thus eliminating lengthy data curation steps.

Albeit intuitively leading to higher states of intelligence, the recent paradigm shift from 
programs based on well-defined rules to others that learn directly from data has brought 
certain unforeseen concerns to the spotlight. A strong theoretical understanding of deep 
learning is yet to be established113, in spite of the reported successes across many fields 
- explaining why deep learning layers that lie between inputs and outputs are labelled 
as ‘hidden layers’ (Box 1, Figure 2B). Identifying specific features of an image that 
contribute to a predicted outcome is highly hypothetical causing a lack of understanding 
of how certain conclusions are drawn by deep learning. This lack of transparency makes 
it difficult to predict failures, isolate the logic for a specific conclusion, or troubleshoot 
inabilities to generalize to different imaging hardware, scanning protocols and patient 
populations. Not surprisingly, many uninterpretable AI systems with applications in 
radiology have been dubbed ‘black-box medicine’114.

From a regulatory perspective, discussions are underway regarding the legal right of 
regulatory entities to interrogate AI frameworks on the mathematical reasoning 
for an outcome115. While such questioning is possible with explicitly programmed 
mathematical models, new AI methods such as deep learning have opaque inner 
workings as mentioned above. Sifting through hundreds of thousands of nodes in a neural 
network, and their respective associated connections, to make sense of their stimulation 
sequence is unattainable. An increased network depth and node count brings more 
complex decision-making together with a much more challenging system to take apart 
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Aligning research methodologies is crucial in accurately assessing the impact of AI on 
patient outcome. In addition to the undeniable importance of reproducibility and 
generalizability, utilizing agreed-upon benchmarking datasets, performance metrics, 
standard imaging protocols and reporting formats will level the experimentation field 
and enable unbiased indicators. It is also important to note that AI is unlike human 
intelligence in many ways; excelling in one task does not necessarily imply excellence in 
others. Therefore the promise of up and coming AI methods should not be overstated. 
Almost all state-of-the-art advances in the field of AI fall under the narrow AI category, 
where AI is trained for one task, and one task only - with only a handful exceeding human 
intelligence. While such advances excel in interpreting sensory perceptual information 
in a bottom-up fashion, they lack higher level, top-down knowledge of contexts as well 
as fail to make associations the way a human brain does. Thus, it is evident that the field 
is still in its infancy and overhyped excitement surrounding it should be replaced with 
rational thinking and mindful planning. It is also evident that AI is unlikely to replace 
radiologists within the near or even distant future. The roles of radiologists will expand 
as they become more connected to technology and have access to better tools. They 
are also likely to emerge as critical elements in the AI training process, contributing 
knowledge and overseeing efficacy. As different forms of AI exceed human performance, 
we expect it to evolve into a valuable educational resource. Human operators will not 
only be overseeing outcomes, but will also seek to interpret the reasoning behind them - 
as a means of validation as well as potentially discovering hidden information that might 
have been overlooked (Figure 1).

In contrast to traditional AI algorithms locked within proprietary commercial packages, 
we find that the most popular deep learning software platforms available today are open-
source. This has, and continues to, foster experimentation on a massive scale. In terms of 
data, AI efforts are expected to shift from processed medical images to raw acquisition 
data. Raw data is almost always downsampled and optimized for human viewers. This 
simplification and loss of information are both avoidable when the analyses are run 
by machines, but are associated with caveats including reduced interpretability and 
impeded human validation. As more data is generated, more signal is available for 
training. However, more noise is also present. We expect the process of discerning signal 
from noise to become more challenging over time. With difficulties in curating and 
labelling data, we foresee a major push towards unsupervised learning techniques to 
fully utilize the vast archives of unlabeled data. 

Open questions include the ambiguity of who controls AI and is ultimately responsible 
for its actions, the nature of the interface between AI and healthcare and whether 
implementation of a regulatory policy too soon will cripple AI application efforts. 
Enabling interoperability amongst the multitude of AI applications that are currently 
scattered across healthcare will result in a network of powerful tools. This AI web will 
not only function at the inference level, but also at the life-long training level. We join 
the many calls122 that advocate for creating an interconnected network of deidentified 
patient data from across the world. Using such data to train AI on a massive scale will 
enable a robust AI that is generalizable across different patient demographics, geographic 
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regions, diseases, and standards of care. Only then will we see a socially responsible AI 
benefiting the many and not the few.

Glossary

Area under receiver 
operating characteristic 
curve

(AUC). A sensitivity versus specificity metric for measuring the 
performance of binary classifiers that can be extended to multi-class 
problems. The area under the curve is equal to the probability that 
a randomly chosen positive sample ranks above a randomly chosen 
negative one or is regarded to have a higher probability of being 
positive.

Artificial intelligence (AI). A branch of computer science involved with the development 
of machines that are able to perform cognitive tasks that would 
normally require human intelligence.

Caption generation The often automated generation of qualitative text describing an 
illustration or image and its contents.

Ground-glass opacity (GGO). A visual feature of some subsolid pulmonary nodules that 
is characterized by focal areas of slightly increased attenuation on 
computed tomography. Underlying bronchial structures and vessels 
are often visually preserved (being even more recognizable owing to 
increased contrast), thus making the detection and diagnosis of such 
nodules somewhat challenging.

Health Insurance 
Portability and 
Accountability Act

(HIPAA). A US act that sets provisions for protecting and securing 
sensitive patient medical data.

Image registration A process that involves aligning medical images either in terms 
of spatial or temporal characteristics, mostly intramodality and 
occasionally intermodality.

Imaging modalities A multitude of imaging methods that are used to non-invasively 
generate visualizations of the human anatomy. Examples of these 
include computed tomography (CT), computed tomography 
angiography (CTA), magnetic resonance imaging (MRI), 
mammography, ultrasonography (echocardiography) and positron 
emission tomography (PET).

Initializations Within optimization problems, constantly adjusted parameters 
during run time need to be initialized to some value before the 
start of the process. Good initialization techniques aid models in 
converging faster and hence speed up the iteration process.

Machine learning A branch of artificial intelligence and computer science that enables 
computers to learn without being explicitly programmed.





Chapter 3

70

References
1.	 Editors, N. Auspicious machine learning. Nature Biomedical Engineering 1, 0036 (2017).

2.	 Mnih, V. et al. Human-level control through deep reinforcement learning. Nature 518, 
529–533 (2015).

3.	 Moravčík, M. et al. DeepStack: Expert-level artificial intelligence in heads-up no-limit 
poker. Science 356, 508–513 (2017).

4.	 Xiong, W. et al. Toward Human Parity in Conversational Speech Recognition. IEEE/
ACM Transactions on Audio, Speech, and Language Processing 25, 2410–2423 (2017).

5.	 Pendleton, S. D. et al. Perception, Planning, Control, and Coordination for Autonomous 
Vehicles. Machines 5, 6 (2017).

6.	 Silver, D. et al. Mastering the game of Go with deep neural networks and tree search. 
Nature 529, 484–489 (2016).

7.	 Grace, K., Salvatier, J., Dafoe, A., Zhang, B. & Evans, O. When Will AI Exceed Human 
Performance? Evidence from AI Experts. http://arxiv.org/abs/1705.08807 (2017).

8.	 Rusk, N. Deep learning. Nat. Methods 13, 35–35 (2015).

9.	 Esteva, A. et al. Dermatologist-level classification of skin cancer with deep neural 
networks. Nature 542, 115–118 (2017).

10.	 Gulshan, V. et al. Development and Validation of a Deep Learning Algorithm for 
Detection of Diabetic Retinopathy in Retinal Fundus Photographs. JAMA (2016) 
doi:10.1001/jama.2016.17216.

11.	 LeCun, Y., Bengio, Y. & Hinton, G. Deep learning. Nature 521, 436–444 (2015).

12.	 Miotto, R., Wang, F., Wang, S., Jiang, X. & Dudley, J. T. Deep learning for healthcare: 
review, opportunities and challenges. Brief. Bioinform. (2017) doi:10.1093/bib/bbx044.

13.	 Kevin Zhou, S., Greenspan, H. & Shen, D. Deep Learning for Medical Image Analysis. 
(Academic Press, 2017).

14.	 Litjens, G. et al. A survey on deep learning in medical image analysis. Med. Image Anal. 
42, 60–88 (2017).

15.	 Kingma, D. P. & Welling, M. Auto-Encoding Variational Bayes. arXiv [stat.ML] (2013).

16.	 Goodfellow, I. et al. Generative Adversarial Nets. in Advances in Neural Information 
Processing Systems 27 (eds. Ghahramani, Z., Welling, M., Cortes, C., Lawrence, N. D. & 
Weinberger, K. Q.) 2672–2680 (Curran Associates, Inc., 2014).

17.	 Shin, H.-C. et al. Deep Convolutional Neural Networks for Computer-Aided Detection: 
CNN Architectures, Dataset Characteristics and Transfer Learning. IEEE Trans. Med. 
Imaging 35, 1285–1298 (2016).

18.	 Aerts, H. J. W. L. The Potential of Radiomic-Based Phenotyping in Precision Medicine: 
A Review. JAMA Oncol (2016) doi:10.1001/jamaoncol.2016.2631.

19.	 Kumar, V. et al. Radiomics: the process and the challenges. Magn. Reson. Imaging 30, 
1234–1248 (2012).

20.	 Lambin, P. et al. Radiomics: extracting more information from medical images using 
advanced feature analysis. Eur. J. Cancer 48, 441–446 (2012).



�$�U�W�L�À�F�L�D�O���,�Q�W�H�O�O�L�J�H�Q�F�H���L�Q���5�D�G�L�R�O�R�J�\

71

C
ha

pt
er

 3

21.	 Kolossváry, M., Kellermayer, M., Merkely, B. & Maurovich-Horvat, P. Cardiac Computed 
Tomography Radiomics: A Comprehensive Review on Radiomic Techniques. J. Thorac. 
Imaging (2017) doi:10.1097/RTI.0000000000000268.

22.	 Aerts, H. J. W. L. et al. Decoding tumour phenotype by noninvasive imaging using a 
quantitative radiomics approach. Nat. Commun. 5, 4006 (2014).

23.	 Coroller, T. P. et al. CT-based radiomic signature predicts distant metastasis in lung 
adenocarcinoma. Radiother. Oncol. 114, 345–350 (2015).

24.	 Wu, W. et al. Exploratory Study to Identify Radiomics Classifiers for Lung Cancer 
Histology. Front. Oncol. 6, 71 (2016).

25.	 Huynh, E. et al. Associations of Radiomic Data Extracted from Static and Respiratory-
Gated CT Scans with Disease Recurrence in Lung Cancer Patients Treated with SBRT. 
PLoS One 12, e0169172 (2017).

26.	 Rios Velazquez, E. et al. Somatic mutations drive distinct imaging phenotypes in lung 
cancer. Cancer Res. (2017) doi:10.1158/0008-5472.CAN-17-0122.

27.	 Grossmann, P. et al. Defining the biological basis of radiomic phenotypes in lung cancer. 
Elife 6, (2017).

28.	 Parmar, C., Grossmann, P., Bussink, J., Lambin, P. & Aerts, H. J. W. L. Machine Learning 
methods for Quantitative Radiomic Biomarkers. Sci. Rep. 5, 13087 (2015).

29.	 O’Connor, J. P. B. et al. Imaging biomarker roadmap for cancer studies. Nat. Rev. Clin. 
Oncol. 14, 169–186 (2017).

30.	 Boland, G. W. L., Guimaraes, A. S. & Mueller, P. R. The radiologist’s conundrum: benefits 
and costs of increasing CT capacity and utilization. Eur. Radiol. 19, 9–11; discussion 12 
(2009).

31.	 McDonald, R. J. et al. The effects of changes in utilization and technological advancements 
of cross-sectional imaging on radiologist workload. Acad. Radiol. 22, 1191–1198 (2015).

32.	 Fitzgerald, R. Error in radiology. Clin. Radiol. 56, 938–946 (2001).

33.	 Shin, Y. & Balasingham, I. Comparison of hand-craft feature based SVM and CNN 
based deep learning framework for automatic polyp classification. in 2017 39th Annual 
International Conference of the IEEE Engineering in Medicine and Biology Society (EMBC) 
3277–3280 (2017).

34.	 Orringer, D. A. et al. Rapid intraoperative histology of unprocessed surgical specimens 
via fibre-laser-based stimulated Raman scattering microscopy. Nat Biomed Eng 1, (2017).

35.	 Albarqouni, S. et al. AggNet: Deep Learning From Crowds for Mitosis Detection in 
Breast Cancer Histology Images. IEEE Trans. Med. Imaging 35, 1313–1321 (2016).

36.	 Djuric, U., Zadeh, G., Aldape, K. & Diamandis, P. Precision histology: how deep 
learning is poised to revitalize histomorphology for personalized cancer care. npj Precision 
Oncology 1, 22 (2017).

37.	 Janowczyk, A. & Madabhushi, A. Deep learning for digital pathology image analysis: A 
comprehensive tutorial with selected use cases. J. Pathol. Inform. 7, 29 (2016).

38.	 Bejnordi, B. E. et al. Deep learning-based assessment of tumor-associated stroma for 
diagnosing breast cancer in histopathology images. in 2017 IEEE 14th International 
Symposium on Biomedical Imaging (ISBI 2017) 929–932 (2017).



Chapter 3

72

39.	 Yuan, Y. et al. DeepGene: an advanced cancer type classifier based on deep learning and 
somatic point mutations. BMC Bioinformatics 17, 476 (2016).

40.	 Alipanahi, B., Delong, A., Weirauch, M. T. & Frey, B. J. Predicting the sequence 
specificities of DNA- and RNA-binding proteins by deep learning. Nat. Biotechnol. 33, 
831–838 (2015).

41.	 Ledley, R. S. & Lusted, L. B. Reasoning foundations of medical diagnosis; symbolic logic, 
probability, and value theory aid our understanding of how physicians reason. Science 
130, 9–21 (1959).

42.	 Lodwick, G. S., Keats, T. E. & Dorst, J. P. THE CODING OF ROENTGEN IMAGES 
FOR COMPUTER ANALYSIS AS APPLIED TO LUNG CANCER. Radiology 81, 
185–200 (1963).

43.	 Ambinder, E. P. A history of the shift toward full computerization of medicine. J. Oncol. 
Pract. 1, 54–56 (2005).

44.	 Haug, P. J. Uses of diagnostic expert systems in clinical care. Proc. Annu. Symp. Comput. 
Appl. Med. Care 379–383 (1993).

45.	 Castellino, R. A. Computer aided detection (CAD): an overview. Cancer Imaging 5, 17–
19 (2005).

46.	 Shen, D., Wu, G. & Suk, H.-I. Deep Learning in Medical Image Analysis. Annu. Rev. 
Biomed. Eng. 19, 221–248 (2017).

47.	 Veeraraghavan, H. MO-A-207B-01: Radiomics: Segmentation & Feature Extraction 
Techniques. Med. Phys. 43, 3694–3694 (2016).

48.	 Paul, R. et al. Deep Feature Transfer Learning in Combination with Traditional Features 
Predicts Survival Among Patients with Lung Adenocarcinoma. Tomography 2, 388–395 
(2016).

49.	 Cheng, J.-Z. et al. Computer-Aided Diagnosis with Deep Learning Architecture: 
Applications to Breast Lesions in US Images and Pulmonary Nodules in CT Scans. Sci. 
Rep. 6, 24454 (2016).

50.	 Chen, H., Zheng, Y., Park, J.-H., Heng, P.-A. & Kevin Zhou, S. Iterative Multi-domain 
Regularized Deep Learning for Anatomical Structure Detection and Segmentation from 
Ultrasound Images. in Medical Image Computing and Computer-Assisted Intervention – 
MICCAI 2016 487–495 (Springer, Cham, 2016).

51.	 Ghafoorian, M. et al. Location Sensitive Deep Convolutional Neural Networks for 
Segmentation of White Matter Hyperintensities. Sci. Rep. 7, 5110 (2017).

52.	 Wang, H. et al. Comparison of machine learning methods for classifying mediastinal 
lymph node metastasis of non-small cell lung cancer from 18F-FDG PET/CT images. 
EJNMMI Res. 7, 11 (2017).

53.	 van Ginneken, B., Schaefer-Prokop, C. M. & Prokop, M. Computer-aided diagnosis: 
how to move from the laboratory to the clinic. Radiology 261, 719–732 (2011).

54.	 Nagaraj, S., Rao, G. N. & Koteswararao, K. The role of pattern recognition in computer-
aided diagnosis and computer-aided detection in medical imaging: a clinical validation. 
Int. J. Comput. Appl. 8, 18–22 (2010).

55.	 Cole, E. B. et al. Impact of computer-aided detection systems on radiologist accuracy 
with digital mammography. AJR Am. J. Roentgenol. 203, 909–916 (2014).



�$�U�W�L�À�F�L�D�O���,�Q�W�H�O�O�L�J�H�Q�F�H���L�Q���5�D�G�L�R�O�R�J�\

73

C
ha

pt
er

 3

56.	 Lehman, C. D. et al. Diagnostic Accuracy of Digital Screening Mammography With and 
Without Computer-Aided Detection. JAMA Intern. Med. 175, 1828–1837 (2015).

57.	 Huang, X., Shan, J. & Vaidya, V. Lung nodule detection in CT using 3D convolutional 
neural networks. in 2017 IEEE 14th International Symposium on Biomedical Imaging 
(ISBI 2017) 379–383 (2017).

58.	 Tsehay, Y. K. et al. Convolutional neural network based deep-learning architecture for 
prostate cancer detection on multiparametric magnetic resonance images. in Medical 
Imaging 2017: Computer-Aided Diagnosis vol. 10134 1013405 (International Society for 
Optics and Photonics, 2017).

59.	 Kooi, T. et al. Large scale deep learning for computer aided detection of mammographic 
lesions. Med. Image Anal. 35, 303–312 (2017).

60.	 Sharma, N. & Aggarwal, L. M. Automated medical image segmentation techniques. J. 
Med. Phys. 35, 3–14 (2010).

61.	 Haralick, R. M. & Shapiro, L. G. Image segmentation techniques. Computer Vision, 
Graphics, and Image Processing 29, 100–132 (1985).

62.	 Pham, D. L., Xu, C. & Prince, J. L. Current methods in medical image segmentation. 
Annu. Rev. Biomed. Eng. 2, 315–337 (2000).

63.	 Grau, V., Mewes, A. U. J., Alcañiz, M., Kikinis, R. & Warfield, S. K. Improved watershed 
transform for medical image segmentation using prior information. IEEE Trans. Med. 
Imaging 23, 447–458 (2004).

64.	 Parisot, S. et al. A Probabilistic Atlas of Diffuse WHO Grade II Glioma Locations in the 
Brain. PLoS One 11, e0144200 (2016).

65.	 Ghose, S. et al. A coupled schema of probabilistic atlas and statistical shape and appearance 
model for 3D prostate segmentation in MR images. in 2012 19th IEEE International 
Conference on Image Processing 541–544 (2012).

66.	 Han, X. et al. Atlas-based auto-segmentation of head and neck CT images. Med. Image 
Comput. Comput. Assist. Interv. 11, 434–441 (2008).

67.	 Long, J., Shelhamer, E. & Darrell, T. Fully convolutional networks for semantic 
segmentation. in Proceedings of the IEEE Conference on Computer Vision and Pattern 
Recognition 3431–3440 (2015).

68.	 Ronneberger, O., Fischer, P. & Brox, T. U-Net: Convolutional Networks for Biomedical 
Image Segmentation. in Medical Image Computing and Computer-Assisted Intervention – 
MICCAI 2015 234–241 (Springer, Cham, 2015).

69.	 Moeskops, P. et al. Deep Learning for Multi-task Medical Image Segmentation in Multiple 
Modalities. in Medical Image Computing and Computer-Assisted Intervention – MICCAI 
2016 478–486 (Springer, Cham, 2016).

70.	 de Brebisson, A. & Montana, G. Deep neural networks for anatomical brain segmentation. 
in Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition Workshops 
20–28 (2015).

71.	 Cioffi, U., Raveglia, F., De Simone, M. & Baisi, A. Ground-glass opacities: A curable 
disease but a big challenge for surgeons. J. Thorac. Cardiovasc. Surg. 154, 375–376 (2017).

72.	 Champaign, J. L. & Cederbom, G. J. Advances in breast cancer detection with screening 
mammography. Ochsner J. 2, 33–35 (2000).



Chapter 3

74

73.	 Shiraishi, J., Li, Q., Appelbaum, D. & Doi, K. Computer-aided diagnosis and artificial 
intelligence in clinical imaging. Semin. Nucl. Med. 41, 449–462 (2011).

74.	 Ayer, T., Ayvaci, M. U., Liu, Z. X., Alagoz, O. & Burnside, E. S. Computer-aided 
diagnostic models in breast cancer screening. Imaging Med. 2, 313–323 (2010).

75.	 Zhang, J., Wang, Y., Yu, B., Shi, X. & Zhang, Y. Application of Computer-Aided 
Diagnosis to the Sonographic Evaluation of Cervical Lymph Nodes. Ultrason. Imaging 
38, 159–171 (2016).

76.	 Giannini, V. et al. A fully automatic computer aided diagnosis system for peripheral zone 
prostate cancer detection using multi-parametric magnetic resonance imaging. Comput. 
Med. Imaging Graph. 46 Pt 2, 219–226 (2015).

77.	 El-Baz, A. et al. Computer-aided diagnosis systems for lung cancer: challenges and 
methodologies. Int. J. Biomed. Imaging 2013, 942353 (2013).

78.	 Edey, A. J. & Hansell, D. M. Incidentally detected small pulmonary nodules on CT. 
Clin. Radiol. 64, 872–884 (2009).

79.	 Mirsadraee, S., Oswal, D., Alizadeh, Y., Caulo, A. & van Beek, E., Jr. The 7th lung cancer 
TNM classification and staging system: Review of the changes and implications. World J. 
Radiol. 4, 128–134 (2012).

80.	 Sohn, K., Shang, W. & Lee, H. Improved Multimodal Deep Learning with Variation of 
Information. in Advances in Neural Information Processing Systems 27 (eds. Ghahramani, 
Z., Welling, M., Cortes, C., Lawrence, N. D. & Weinberger, K. Q.) 2141–2149 (Curran 
Associates, Inc., 2014).

81.	 Litjens, G. et al. Deep learning as a tool for increased accuracy and efficiency of 
histopathological diagnosis. Sci. Rep. 6, 26286 (2016).

82.	 Cruz-Roa, A. et al. Accurate and reproducible invasive breast cancer detection in whole-
slide images: A Deep Learning approach for quantifying tumor extent. Sci. Rep. 7, 46450 
(2017).

83.	 Jaffe, C. C. Measures of response: RECIST, WHO, and new alternatives. J. Clin. Oncol. 
24, 3245–3251 (2006).

84.	 Thiesse, P. et al. Response rate accuracy in oncology trials: reasons for interobserver 
variability. Groupe Français d’Immunothérapie of the Fédération Nationale des Centres 
de Lutte Contre le Cancer. J. Clin. Oncol. 15, 3507–3514 (1997).

85.	 Khorasani, R., Erickson, B. J. & Patriarche, J. New opportunities in computer-aided 
diagnosis: change detection and characterization. J. Am. Coll. Radiol. 3, 468–469 (2006).

86.	 Patriarche, J. W. & Erickson, B. J. Part 1. Automated change detection and characterization 
in serial MR studies of brain-tumor patients. J. Digit. Imaging 20, 203–222 (2007).

87.	 Pan, X., Sidky, E. Y. & Vannier, M. Why do commercial CT scanners still employ 
traditional, filtered back-projection for image reconstruction? Inverse Probl. 25, 1230009 
(2009).

88.	 Pipatsrisawat, T., Gacic, A., Franchetti, F., Puschel, M. & Moura, J. M. F. Performance 
analysis of the filtered backprojection image reconstruction algorithms. in Proceedings. 
(ICASSP ’05). IEEE International Conference on Acoustics, Speech, and Signal Processing, 
2005. vol. 5 v/153–v/156 Vol. 5 (2005).



�$�U�W�L�À�F�L�D�O���,�Q�W�H�O�O�L�J�H�Q�F�H���L�Q���5�D�G�L�R�O�R�J�\

75

C
ha

pt
er

 3

89.	 Zhu, B., Liu, J. Z., Cauley, S. F., Rosen, B. R. & Rosen, M. S. Image reconstruction by 
domain-transform manifold learning. Nature 555, 487–492 (2018).

90.	 Hammernik, K., Würfl, T., Pock, T. & Maier, A. A Deep Learning Architecture for 
Limited-Angle Computed Tomography Reconstruction. in Bildverarbeitung für die 
Medizin 2017 92–97 (Springer Berlin Heidelberg, 2017).

91.	 Gjesteby, L. et al. Deep learning methods for CT image-domain metal artifact reduction. 
in Developments in X-Ray Tomography XI vol. 10391 103910W (International Society for 
Optics and Photonics, 2017).

92.	 El-Gamal, F. E.-Z. A., Elmogy, M. & Atwan, A. Current trends in medical image 
registration and fusion. Egyptian Informatics Journal 17, 99–124 (2016).

93.	 Yang, X., Kwitt, R., Styner, M. & Niethammer, M. Quicksilver: Fast predictive image 
registration - A deep learning approach. Neuroimage 158, 378–396 (2017).

94.	 Ngiam, J. et al. Multimodal deep learning. in Proceedings of the 28th international 
conference on machine learning (ICML-11) 689–696 (2011).

95.	 Yankeelov, T. E., Abramson, R. G. & Quarles, C. C. Quantitative multimodality imaging 
in cancer research and therapy. Nat. Rev. Clin. Oncol. 11, 670–680 (2014).

96.	 Johnson, A. J., Chen, M. Y. M., Zapadka, M. E., Lyders, E. M. & Littenberg, B. Radiology 
report clarity: a cohort study of structured reporting compared with conventional 
dictation. J. Am. Coll. Radiol. 7, 501–506 (2010).

97.	 Levy, M. A. & Rubin, D. L. Tool support to enable evaluation of the clinical response to 
treatment. AMIA Annu. Symp. Proc. 399–403 (2008).

98.	 European Society of Radiology (ESR). Good practice for radiological reporting. 
Guidelines from the European Society of Radiology (ESR). Insights Imaging 2, 93–96 
(2011).

99.	 Folio, L. R. et al. Quantitative Radiology Reporting in Oncology: Survey of Oncologists 
and Radiologists. AJR Am. J. Roentgenol. 205, W233–43 (2015).

100.	 Karpathy, A. & Fei-Fei, L. Deep Visual-Semantic Alignments for Generating Image 
Descriptions. IEEE Trans. Pattern Anal. Mach. Intell. 39, 664–676 (2017).

101.	 Shin, H.-C. et al. Learning to read chest X-rays: recurrent neural cascade model for 
automated image annotation. in Proceedings of the IEEE Conference on Computer Vision 
and Pattern Recognition 2497–2506 (2016).

102.	 Lee, J.-G. et al. Deep Learning in Medical Imaging: General Overview. Korean J. Radiol. 
18, 570–584 (2017).

103.	 Statistics / Health care use / Computed tomography (CT) exams. doi:10.1787/3c994537-
en.

104.	 OECD. Magnetic resonance imaging (MRI) exams. (2015) doi:10.1787/1d89353f-en.

105.	 Bryan, S. et al. Radiology report times: impact of picture archiving and communication 
systems. AJR Am. J. Roentgenol. 170, 1153–1159 (1998).

106.	 Mansoori, B., Erhard, K. K. & Sunshine, J. L. Picture Archiving and Communication 
System (PACS) implementation, integration & benefits in an integrated health system. 
Acad. Radiol. 19, 229–235 (2012).



Chapter 3

76

107.	 Lemke, H. U. PACS developments in Europe. Comput. Med. Imaging Graph. 27, 111–
120 (2003).

108.	 Mendel, J. B. & Schweitzer, A. L. PACS for the developing world. Journal of Global 
Radiology 1, 5 (2015).

109.	 Kamnitsas, K. et al. Unsupervised Domain Adaptation in Brain Lesion Segmentation with 
Adversarial Networks. in Information Processing in Medical Imaging 597–609 (Springer, 
Cham, 2017).

110.	 Kallenberg, M. et al. Unsupervised Deep Learning Applied to Breast Density Segmentation 
and Mammographic Risk Scoring. IEEE Trans. Med. Imaging 35, 1322–1331 (2016).

111.	 Zhang, P., Wang, F. & Zheng, Y. Self supervised deep representation learning for fine-
grained body part recognition. in 2017 IEEE 14th International Symposium on Biomedical 
Imaging (ISBI 2017) 578–582 (2017).

112.	 Clark, K. et al. The Cancer Imaging Archive (TCIA): maintaining and operating a public 
information repository. J. Digit. Imaging 26, 1045–1057 (2013).

113.	 Wang, G. A Perspective on Deep Imaging. IEEE Access 4, 8914–8924 (2016).

114.	 Ford, R. A., Price, W. & Nicholson, I. I. Privacy and Accountability in Black-Box 
Medicine. Mich. Telecomm. & Tech. L. Rev. 23, 1 (2016).

115.	 Selbst, A. D. & Powles, J. Meaningful information and the right to explanation. 
International Data Privacy Law 7, 233–242 (2017).

116.	 Imming, P., Sinning, C. & Meyer, A. Drugs, their targets and the nature and number of 
drug targets. Nat. Rev. Drug Discov. 5, 821–834 (2006).

117.	 Drugs with Unknown Antiparasitic Mechanism of Action. in Encyclopedia of Parasitology 
(ed. Dr., H. M.) 400–402 (Springer Berlin Heidelberg, 2008).

118.	 Shokri, R. & Shmatikov, V. Privacy-Preserving Deep Learning. in Proceedings of the 22Nd 
ACM SIGSAC Conference on Computer and Communications Security 1310–1321 (ACM, 
2015).

119.	 Phong, L. T., Aono, Y., Hayashi, T., Wang, L. & Moriai, S. Privacy-Preserving Deep 
Learning: Revisited and Enhanced. in Applications and Techniques in Information Security 
(eds. Batten, L., Kim, D. S., Zhang, X. & Li, G.) vol. 719 100–110 (Springer Singapore, 
2017).

120.	 McMahan, H. B., Moore, E., Ramage, D., Hampson, S. & y Arcas, B. A. Communication-
Efficient Learning of Deep Networks from Decentralized Data. in Proceedings of the 20th 
International Conference on Artificial Intelligence and Statistics (AISTATS) (2017).

121.	 Gilad-Bachrach, R. et al. CryptoNets: Applying Neural Networks to Encrypted Data 
with High Throughput and Accuracy. in International Conference on Machine Learning 
201–210 (2016).

122.	 Cahan, A. & Cimino, J. J. A Learning Health Care System Using Computer-Aided 
Diagnosis. J. Med. Internet Res. 19, e54 (2017).





4



E Huynh, A Hosny, C Guthier, D Bitterman, S Petit, DA Haas-Kogan, B Kann, 
HJWL Aerts & RH Mak

Artificial Intelligence in 
Radiation Oncology

Chapter 4

4
Nature Reviews Clinical Oncology 2020



Chapter 4

80

Abstract

Artificial Intelligence (AI) has the potential to fundamentally alter the way medicine 
is practiced, as it excels in recognizing complex patterns in medical data and provides 
a quantitative, rather than qualitative, assessment of clinical conditions. In particular, 
the field of radiation oncology has the potential to be transformed by AI given its 
multifaceted, highly technical nature with heavy reliance on digital data processing and 
computer software, with the potential to improve the accuracy, precision, efficiency, and 
overall quality of radiation therapy (RT) for cancer patients. In this perspective article, 
we begin with a general description of AI methods, then furnish the reader with a high-
level overview of the RT workflow and the impact that AI may have on each of these 
steps. Lastly, the challenges of clinical development and implementation of AI in RT are 
discussed, and our perspective on the changing roles of RT medical professionals. 
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based on a patient’s anatomy28–30, we speculate that AI could have a role in identifying 
challenges that may be encountered at treatment simulation based on the patient’s 
anatomy, and offer solutions input from the algorithm training data, thus expediting 
and optimizing the planning process. 

i. Patient image acquisition 
Many patients treated with RT require multiple medical images for treatment planning 
such as computed tomography (CT) for calculating radiation dose, and MRI for 
segmentation of tumors. Typically, these images are acquired in different patient 
positions (CT in the treatment position, other modalities acquired for diagnostic 
imaging in a different position), which introduces uncertainty when aligning the images. 
One method to minimize this uncertainty is to eliminate the need for a CT and acquire 
an MRI that can also provide electron density information (i.e. synthetic CT). AI has 
been employed to develop synthetic CTs from MRIs of the brain31,32 and pelvis33, with 
minimal dose differences in the treatment plans compared to the actual CT31,33. This 
could also improve clinical efficiency by reducing the number of appointments patients 
need to attend and radiation exposure from CT scans.

Advances in technology have led to the emerging role of MRI in RT, with the installation 
of integrated MRI-RT treatment units34–36. High resolution and low noise MRIs require 
long acquisition times, and a compromise is made between the resolution and signal-
to-noise ratios necessary to suppress image noise and perform clinical tasks and image 
acquisition time. AI has the potential to reduce MR scan times by enabling reconstruction 
of fine structures from undersampled MRIs and has been developed for the generation 
of high resolution, high contrast and low noise brain37–39 and cardiac MRI40. Due to 
the complexities of integrating MRI with a treatment machine, current systems are 
built with low strength magnets, typically 0.35-1.5 T41–43 which reduces image quality 
compared to high resolution MR scans. AI could enable the reconstruction of high 
signal, high resolution images from low field strength images; for example, 7T-like 
images of the brain from 3T MRI44 to improve the visualization of tumors throughout 
treatment. 

ii. Image processing and registration 
Image registration is an integral part of the RT workflow where data from multimodality 
and longitudinal images are used in treatment planning, delivery and monitoring 
radiation delivery. Commercially available automatic registration algorithms are 
typically designed to perform well only for modality-specific registration problems 
and are sensitive to image artifacts which compromises accuracy, and often requires 
additional manual edits to achieve a clinically acceptable registration.

AI tools have been trained to determine the sequence of motion actions to result in 
optimal image alignment, and shown better accuracy and robustness than several state-
of-the-art methods45 and are generalizable across multiple imaging modalities45,46. 
Furthermore, AI has been able to improve registration robustness against imaging 
artifacts, such as with x-ray images of the spine that contained metal artifacts from metal 
screws and guide wires47 and motion artifacts, such as with fetal MRI48. AI tools have 
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been developed for initial applications in image registration with MRI49, x-ray50,4751, 
CT/MRI52 and MRI/PET registration53. Although many of these algorithms for image 
registration have not been developed in the context of RT, challenges they address are 
also faced in RT and could be applied here to improve the RT workflow. 

II. Dosimetric Treatment Planning
i. Tumor segmentation for targeting radiation
Currently, one of the most time-consuming but critical steps, for the radiation 
oncologist is the manual segmentation of the primary tumor and affected lymph 
nodes. The accuracy of segmentation can directly impact outcomes; an incorrectly 
delineated tumor may lead to under- or over-dosing, resulting in a decrease in the 
likelihood of tumor control or increased toxicity, respectively. There is inter-observer 
variation in tumor segmentation, even among expert radiation oncologists54,55, which 
can lead to differences in treatment plan quality and directly impact survival7,8,56,577,56,57. 
Current semi-automated segmentation tools that incorporate prior knowledge, such as 
segmentation atlases, have been unreliable or inaccessible to many radiation oncologists 
due to costs and still require significant manual effort58,59.

AI approaches have the potential to dramatically increase the efficiency, reproducibility, 
and quality of RT planning by developing automated segmentation approaches, such 
as those developed for nasopharyngeal carcinomas60, primary lung tumors61, and 
oropharyngeal carcinomas62. The quality of these segmentations performed similarly 
against human experts. Further studies are required to directly compare the impact 
of AI approaches on efficiency, reproducibility and quality against the current clinical 
standard within the RT clinical workflow. 

ii. Organ segmentation
Organs adjacent to the tumor are segmented in order to measure and restrict the radiation 
dose to those critical organs within safe limits during the planning process. Early AI 
approaches have demonstrated promise in the ability to delineate a variety of organs 
throughout the body including the complex anatomy of the head and neck region63, 
thoracic organs64, kidneys65, liver66,67, and cardiac substructures68, however, these studies 
are limited by small training sets and potential over-fitting. The largest scale example of 
this approach involves an academic-industry partnership between Google DeepMind 
and partnering with the RT Department at University College London Hospitals to 
develop an algorithm capable of segmenting organs in the head and neck region with 
performance comparable to human experts using a training data set of 663 patients69. 
With commercially-available AI-based auto-segmentation tools starting to become 
available in treatment planning systems, there is a need for tools to perform quality 
assurance on these AI processes to identify errors from auto-segmentation70. 

iii. Treatment plan generation (dose optimization) 
With medical images, segmentations, and dose prescription provided, the medical 
dosimetrist aims to generate the most optimal treatment plan for the patient with the 
goal of maximizing the dose delivered to the tumor while sparing surrounding organs. 
Treatment planning is a time-intensive, iterative process where the dosimetrist designs 
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Machine QA evaluates the accuracy and precision of treatment machine characteristics 
and are conducted on a daily, weekly, monthly and annual basis. The plethora of data 
acquired has provided the means to develop AI algorithms that are capable of predicting 
trends and errors, such as multi-leaf collimator positional errors81, beam symmetry 
trends82, and to automatically detect imaging artifacts83. 

D. Treatment 
I. Treatment set-up and delivery
i. Scheduling
Patients enter the department for several appointments including consultation, radiation 
planning, treatment, and follow-ups, all of which can have varying durations and wait 
times. Extended wait times impact both the efficiency of the clinic and patient anxiety 
and satisfaction84. AI has the potential to identify the most critical factors that contribute 
to wait time duration (such as time of day, fraction number, median past duration of 
treatments, number of treatment fields and previous treatment duration85), and predict 
wait times, enabling optimization of clinic flow and efficiency. Appointment scheduling 
may be further optimized based on the treatment site, immobilization and treatment 
technique used to decrease the room turnover time between patients; thereby increasing 
efficiency and accommodating a higher patient load.

ii. Image guidance and motion management
A key part of RT delivery is setting up the patient in the same position that the treatment 
plan was created. Currently, the most common on-treatment imaging method uses the 
treatment machine’s cone beam CT (CBCT) to set-up the patient, which suffers from 
severely decreased image quality compared to the planning CT. AI has been applied to 
improve the image quality of CBCT for better patient set-up86. Increasingly complex 
and multi-modality imaging techniques are being incorporated into image-guided RT 
including the use of on-board MRI, ultrasound, optical surface imaging, and represent 
a unique opportunity for imaging-based AI methods to enhance and/or synthesize 
complex data at the point of care.

Patient or organ motion throughout treatment can result in increased dose to normal 
tissue in order to ensure that the tumor volume is adequately treated. Motion 
management methods aim to reduce, capture and/or monitor the extent of motion 
from respiration and/or digestion. Variability in motion exists between and within 
individuals in magnitude, amplitude and frequency, and movement relative to other 
organs requiring predictive modelling of tumor motion. AI may accommodate these 
factors by generating patient-specific models that can adapt to changes in motion 
patterns to improve tumor tracking. Thus far, research in this area has largely focussed 
on the prediction of respiratory motion using data collected from external surrogates87–89 
as inputs for the models. These algorithms could be automatically adjusted in real-time 
for complex breathing patterns87. 
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II. Adaptive treatment 
Significant deviations in a patient’s anatomy between the planning appointment and 
actual treatment (days to weeks later) or throughout treatment (over several weeks) 
may warrant re-planning. These deviations are often due to tumor shrinkage/growth or 
anatomical variations that can result in varying dose to the tumor and organs. Adaptive 
treatments involve creating a new treatment plan based on an updated image of the 
patient’s anatomy. Currently the physician must decide when anatomic changes are 
large enough to be clinically relevant based on their qualitative clinical assessment of 
a patient’s clinical parameters and images. AI may provide the tools to predict which 
patients will require adaptation and the ideal time point at which it should occur, such as 
AI tools developed for head and neck patients to predict geometric changes throughout 
treatment90,91. Similar approaches have been applied for lung cancer patients to identify 
the need for plan adaptation based on changes between the initial and on-treatment 
images92 to maximize tumor local control and reduce radiation-induced pneumonitis78. 

E. Completion
I. Response assessment and follow-up care
The Response Evaluation Criteria in Solid Tumors93 is the most widely adopted system 
for evaluating treatment response of solid tumors based on the size and presence of the 
tumor. AI has the potential to provide more detailed information about the tumor’s 
response to radiation throughout the course of treatment, such as changes in the 
tumor phenotype captured in imaging features, that may provide better assessment and 
prediction of response. Early studies have used AI with pre- and post-treatment imaging 
for early assessment of response in lung27,94,95, bladder96 pancreatic cancer97,98.

Furthermore, the presence of radiation-induced organ damage can obfuscate the 
detection of disease recurrence. Early studies have shown that AI has the potential to 
detect early changes in the lung that were associated with local recurrence and may be 
overlooked by physicians as radiation-induced fibrosis99. This additional information 
would enable earlier, personalized treatment interventions to improve outcomes.

II. Toxicity Prediction and Management
Managing acute and late toxicities in patients is difficult due to the unpredictability of 
its presence and/or severity. Predictive models of radiation toxicity may be generated 
from risk factors, including clinical data, germline genomics and dose distribution, and 
imaging data to guide treatment planning. To date, most approaches have focused on 
subsets of this data and/or extrapolation of radiobiological modeling from pre-clinical 
and observational studies. 

AI may be poised to analyze these data streams more comprehensively to build more 
robust models100, that incorporate co-morbidities, dose and pre-treatment imaging 
data to provide clinical decision support for anticipatory management and secondary 
prevention. For example, AI-based normal tissue complication probability models were 
developed for head and neck cancer patients to predict the severity of acute dysphagia101, 
xerostomia102, and oral mucositis103. Other studies have developed models for predicting 
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been alleviated as some vendors start to release application programming interfaces that 
allow research efforts to communicate with and integrate into clinical software, albeit 
with restricted scopes.

Furthermore, early research has focused on easily measured outcomes, such as overall 
survival, which may not be the best outcome of interest for all patients treated with 
RT. Instead, AI solutions will begin to move toward outcomes that are more directly 
pertinent to RT, such as the prediction of radiation-specific outcomes (e.g. tumor 
control, radiation toxicities), however, the collection of robust outcomes continues to 
be a challenge. 

Clinical Implementation Challenges

Clinical adoption is a key barrier to realizing the potential of AI in RT as the introduction 
of AI tools will require an upfront investment of time and effort to understand their 
utility and limitations, and redesign current clinical workflows. Many research studies 
remain at the proof-of-concept stage and lack external validation116, resulting in a 
slow translation into routine practice117 where demonstration of generalizability and 
effectiveness becomes unattainable. Establishing trust in AI systems is also crucial, given 
the black box nature of many machine learning algorithms and specifically deep learning. 
Despite active research in AI interpretability118, this lack of transparency hinders our 
ability to understand AI outputs, predict failures, and troubleshot generalizability issues. 
Without actively monitoring deployed AI performance, as well as continuous assessment 
of training data fit to the problem at hand, errors may increase as systematic biases are 
introduced into these systems.

Current AI tools are not perfectly accurate, and thus, three criteria can be used to evaluate 
the potential for clinical implementation: 1) time and ability for the user to judge the 
accuracy of the result, 2) correct the erroneous result, and, 3) consequence of it on a 
patient. Even in the case of severe consequences, clinical implementation can be fairly 
straightforward as long as inaccuracies by the model are detected by staff and corrected 
before moving on to the next step in the RT workflow. However, if the time and ability 
required for the user to judge the accuracy of the result outweighs the efficiency or 
accuracy gains of using an AI-tool, the potential for clinical implementation will be 
lower. Furthermore, for applications where the user cannot judge the correctness of 
the result, for instance when a tumor is not visible on the image and an AI tool is used 
for auto-segmentation, the risk-benefit ratio of using the AI-based tool is much more 
challenging. Tasks assisted or completed by AI that could have a significant impact on a 
patient’s treatment will face a greater challenge with clinical implementation because of 
the potential consequence to the patient. 

From a legal standpoint, means of governing algorithmic decision-making are yet to be 
fully developed, including the right to be given an explanation for algorithm outputs as 
well as implications of data protection laws119,120. While AI has the potential to reduce 
medical errors, it is also expected to alter the legal landscape around clinical liabilities 
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efficiency and throughput in RT. This has recently become of prime importance in an 
era of cost reduction together with the shift from fee for service to value-based care137. 

The global health landscape also stands to benefit from AI interventions138. Over half of 
cancer patients live in low- and middle-income countries139. Workforce and equipment 
shortages in these resource-constrained settings have left over 50% of patients expected 
to benefit from RT without access to treatment, and up to 90% in some low-income 
countries140. Software AI applications promise to alleviate some of these shortages by 
providing specialized expert knowledge across disease sites and treatment modalities. 
Addressing hardware equipment shortages with AI, however, remains unclear, although 
AI may help support existing equipment upkeep by analyzing machine QA reports82. 

Ultimately, while the impact of AI will undoubtedly change the composition and skill 
set of the radiation oncology workforce, these changes will largely be for the positive 
and allow the field to continue to bend the cost curve through greater efficiency while 
improving the quality of care.
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Abstract

Background: Non-small-cell lung cancer (NSCLC) patients often demonstrate varying 
clinical courses and outcomes, even within the same tumor stage. This study explores 
deep learning applications in medical imaging allowing for the automated quantification 
of radiographic characteristics and potentially improving patient stratification.

Methods and findings: We performed an integrative analysis on 7 independent datasets 
across 5 institutions totaling 1,194 NSCLC patients (age median = 68.3 years [range 
32.5–93.3], survival median = 1.7 years [range 0.0–11.7]). Using external validation 
in computed tomography (CT) data, we identified prognostic signatures using a 3D 
convolutional neural network (CNN) for patients treated with radiotherapy (n = 771, 
age median = 68.0 years [range 32.5–93.3], survival median = 1.3 years [range 0.0–
11.7]). We then employed a transfer learning approach to achieve the same for surgery 
patients (n = 391, age median = 69.1 years [range 37.2–88.0], survival median = 3.1 
years [range 0.0–8.8]). We found that the CNN predictions were significantly associated 
with 2-year overall survival from the start of respective treatment for radiotherapy (area 
under the receiver operating characteristic curve [AUC] = 0.70 [95% CI 0.63–0.78], p 
< 0.001) and surgery (AUC = 0.71 [95% CI 0.60–0.82], p < 0.001) patients. The CNN 
was also able to significantly stratify patients into low and high mortality risk groups 
in both the radiotherapy (p < 0.001) and surgery (p = 0.03) datasets. Additionally, 
the CNN was found to significantly outperform random forest models built on 
clinical parameters—including age, sex, and tumor node metastasis stage—as well as 
demonstrate high robustness against test–retest (intraclass correlation coefficient = 
0.91) and inter-reader (Spearman’s rank-order correlation = 0.88) variations. To gain a 
better understanding of the characteristics captured by the CNN, we identified regions 
with the most contribution towards predictions and highlighted the importance of 
tumor-surrounding tissue in patient stratification. We also present preliminary findings 
on the biological basis of the captured phenotypes as being linked to cell cycle and 
transcriptional processes. Limitations include the retrospective nature of this study as 
well as the opaque black box nature of deep learning networks.

Conclusions: Our results provide evidence that deep learning networks may be used 
for mortality risk stratification based on standard-of-care CT images from NSCLC 
patients. This evidence motivates future research into better deciphering the clinical 
and biological basis of deep learning networks as well as validation in prospective data.
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•	 Preliminary genomic associations in this study suggest correlations between the 
deep learning feature representations and cell cycle and transcriptional processes.

•	 Despite their obscure inner workings and lack of a strong theoretical backing, 
deep learning networks demonstrate a prognostic signal and robustness against 
specific noise artifacts. This motivates further prospective studies validating 
their utility in patient stratification and the development of personalized cancer 
treatment plans.
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Introduction

Cancer’s ever evolving nature and interaction with its surroundings continue to challenge 
patients, clinicians, and researchers alike. One of its deadliest forms appears in the lungs, 
leading to the most cancer-related mortalities worldwide1. Lung cancer is also the second 
most commonly diagnosed cancer in both men and women2 with non-small cell lung 
cancer (NSCLC) comprising 85% of cases3. The ability to accurately categorize NSCLC 
patients into groups structured around clinical factors represents a crucial step in cancer 
care. This stratification allows for evaluating tumor progression, establishing prognosis, 
providing standard terminologies for effective clinical communication, and most 
importantly identifying appropriate treatment plans from chemotherapy and surgery 
to radiation and targeted therapy. In addition to clinical factors including performance 
status, and to a lesser extent, age and gender4, tumor stage — as evaluated through the 
predominant tumor node metastasis (TNM) staging manual — is often regarded as a 
universal benchmark for performing such classification5. 

The TNM staging manual represents a body of knowledge combining evidence-based 
findings from clinical studies with empirical knowledge from site-specific experts6. 
However, we find that patients within the same stage can exhibit wide variations 
in their response to treatment7. This owes, in part, to the inevitable gap that exists 
between yesterday’s statistics and today’s more advanced treatment options, as well 
as the practical challenges of stratifying patients into groups that fit historical data, 
while balancing the ability of clinicians to identify the stratification features and apply 
the stratification algorithm at the point of care8. The limitations in our clinical gold 
standards, combined with our improved understanding of intra-tumor heterogeneity9, 
both signal the need for developing personalized biomarkers that can operate at the 
individual patient- as opposed to the population-level — eventually leading to more 
robust patient stratification and building a foundation for precision oncology practices.

The aforementioned clinician-driven stratification algorithms used in NSCLC staging 
rely on high-level semantic features describing tumor extent, location, and metastatic 
status. These are often inferred from standard medical images of the upper abdomen 
and thorax. These non-invasive images, however, offer information that goes beyond 
that captured through routine radiographic evaluation. Hardware advances in high-
resolution image acquisition equipment and computational processing power, coupled 
with novel artificial intelligence (AI) algorithms and large amounts of data, have all 
contributed to a proliferation of AI applications in radiology, medicine, and beyond. 
These have enabled the high-throughput extraction, and subsequent processing, of high-
dimensional quantitative features from images. More specifically, this dialogue between 
AI and medical imaging has been recently manifested in radiomics.

Radiomics is a data-centric field involving the extraction and mining of quantitative 
features as a means to quantify the solid tumor radiographic phenotype10. It hypothesizes 
that radiographic phenotypes represent underlying pathophysiologies and are thus 
capable of discriminating between disease forms for predicting prognosis and therapeutic 
response11. Radiomics research has primarily relied on explicitly programmed algorithms 
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that extract engineered (hand-crafted) imaging features. Such features commonly 
represent tumor shape, voxel intensity information (statistics), and patterns (textures). 
More specifically within oncology, Radiomics has demonstrated success in stratifying 
tumor histology12, tumor grades13, and clinical outcomes10. Additionally, associations 
with underlying gene expression patterns have also been reported14. Given these 
associations, radiomic features have been used to build prognostic and predictive models 
making use of statistical machine learning algorithms coupled with feature selection 
strategies15. More recent work, however, has shifted towards deep learning as the de facto 
machine learning approach16. 

Deep learning has shown great promise in areas that rely on imaging data including 
radiology17, pathology18, dermatology19, and ophthalmology20 to name a few. In lieu 
of the often subjective visual assessment of images by trained clinicians, deep learning 
automatically identifies complex patterns in data and hence provides evaluations in a 
quantitative manner. Compared to feature engineering approaches, crafting and selecting 
the most robust features is inherent to deep learning networks and thus they require little 
to no human input. Deep learning methods have outperformed their engineered feature 
counterparts in many tasks including mammographic lesion detection21, mortality 
prediction22, and multimodal image registration23. 

Convolutional neural networks (CNN) are a class of deep learning models that combines 
imaging filters with artificial neural networks through a series of successive linear and 
nonlinear layers. CNN layers learn increasingly higher level features from images, 
eventually making predictions, essentially mapping image inputs to desired outputs. 
CNN’s have demonstrated great potential in various classification24, detection25, 
segmentation26, registration27, and reconstruction28 tasks - learning from photographic, 
pathology, and radiographic images17. Other efforts use pretrained networks on images 
from other domains, an approach known as transfer learning29, as a workaround when 
sample size is perceived to be insufficient. In some instances, classifiers are built using 
a combination of deep learning and engineered features30. However, and with a few 
exceptions, most studies lack generalization power due to insufficient data - usually 
under 100 patients. With limited data and to avoid overfitting, most efforts have been 
confined to solving 2D problems or alternatively a 3D problem space is often treated 
as a composition of 2D orthogonal planes31, with a few recent studies capitalizing on 
information within the entire 3D tumor volume32. No studies to date have explored 
medical-to-medical transfer learning, with learned representations usually being 
transferred from general imagery. Only a few studies have assessed the stability of 
deep learning features extracted from medical images, with most solely relying on the 
presumed robustness of CNN’s in other application areas.

In this study, we investigated the ability of deep learning networks, 3D CNN’s in 
particular, to quantify radiographic tumor characteristics and predict overall survival 
likelihood. We designed a rigorous analytical setup (Figure 1), with seven large and 
independent datasets of 1194 NSCLC patients imaged with computed tomography 
(CT) across five institutions, to discover and validate the prognostic power of CNN’s 
in patients treated with radiotherapy and surgery. The prognosis is formulated as a 



























































































































































































































































































































271

Curriculum Vitae

Ahmed Hosny was born on July 1st, 1987 in Cairo, Egypt. He completed elementary 
school in Riyadh, middle school in Cairo, and high school in Dubai where he graduated 
from Cambridge High School in 2004. He went on to study architecture at the 
American University of Sharjah, where he graduated with a Bachelor of Architecture in 
2009. Ahmed started his career as an architect in China. He joined Playze, a boutique 
architecture firm in Shanghai where he worked on converting shipping containers 
into habitable spaces. He then joined Foster + Partners in their Beijing office, a world-
renowned British architecture firm. There, he worked on computational optimization 
workflows for facade panel fabrication and structure clash detection simulations. 

In 2013, Ahmed moved to Boston where he joined Harvard University’s Graduate School 
of Design working towards a Master degree in Design Technology. For his Master thesis, 
Ahmed used machine learning to predict the behaviour of sensor-embedded physical 
objects as a function of human interaction. After graduating in 2015, Ahmed joined the 
Wyss Institute for Biologically Inspired Engineering as a research fellow. Utilizing his 
architectural experience in geometry and parametric modeling, he worked with marine 
biologists to study geometry-function relationships in biological composites including 
chiton scales & stingray jaws and teeth in order to design their synthetic analogs. At 
the time, Steven Keating - a research collaborator - was diagnosed with a baseball-sized 
brain tumor. He openly shared his imaging data and introduced Ahmed to his medical 
team. This allowed Ahmed to explore a wide array of biomedical problems, and work 
closely with clinicians to develop medical image processing pipelines, as well as design 
and fabricate medical devices that have been clinically tested in patients and cadavers.

In 2016, Ahmed started his PhD degree program with Prof. Dr. Hugo Aerts at 
Maastricht University, The Netherlands, while concurrently conducting machine 
learning research at Dana-Farber Cancer institute in Boston. Ahmed’s research focused 
on exploring prognostic and therapeutic applications of deep learning in lung cancer 
imaging. He developed methods to stratify non-small cell lung cancer patients from 
single and longitudinal radiographic images, including predicting prognostic endpoints 
such as survival and distant metastasis, as well as response to main and adjuvant therapy. 
He also explored therapeutic applications including the automated segmentation of 
target tumors and involved lymph nodes in images of lung cancer patients receiving 
radiotherapy. 

Beyond this journey thus far, Ahmed hopes to continue working with medical domain 
experts and using technology to positively impact patients’ lives.



272

Scientific Publications
1. 	 A. Hosny, C. Parmar, J. Quackenbush, L. H. Schwartz, H. J. W. L. Aerts, Artificial 

intelligence in radiology. Nat. Rev. Cancer (2018), doi:10.1038/s41568-018-0016-5.

2. 	 E. Huynh, A. Hosny, C. Guthier, D. S. Bitterman, S. F. Petit, D. A. Haas-Kogan, B. 
Kann, H. J. W. L. Aerts, R. H. Mak, Artificial intelligence in radiation oncology. Nat. 
Rev. Clin. Oncol. 17, 771–781 (2020).

3. 	 A. Hosny, C. Parmar, T. P. Coroller, P. Grossmann, R. Zeleznik, A. Kumar, J. Bussink, R. 
J. Gillies, R. H. Mak, H. J. W. L. Aerts, Deep learning for lung cancer prognostication: 
A retrospective multi-cohort radiomics study. PLoS Med. 15, e1002711 (2018).

4. 	 T. L. Chaunzwa, A. Hosny, Y. Xu, A. Shafer, N. Diao, M. Lanuti, D. C. Christiani, R. 
H. Mak, H. J. W. L. Aerts, Deep learning classification of lung cancer histology using CT 
images. Sci. Rep. 11, 5471 (2021).

5. 	 Y. Xu, A. Hosny, R. Zeleznik, C. Parmar, T. Coroller, I. Franco, R. H. Mak, H. J. W. 
L. Aerts, Deep Learning Predicts Lung Cancer Treatment Response from Serial Medical 
Imaging. Clin. Cancer Res. 25, 3266–3275 (2019).

6. 	 A. Hosny, H. J. Aerts, R. H. Mak, Handcrafted versus deep learning radiomics for 
prediction of cancer therapy response. The Lancet Digital Health. 1, e106–e107 (2019).

7. 	 S. Holland, A. Hosny, S. Newman, J. Joseph, K. Chmielinski, in Data Protection and 
Privacy (Hart Publishing, 2020).

8. 	 B. Haibe-Kains, G. A. Adam, A. Hosny, F. Khodakarami, Massive Analysis Quality 
Control (MAQC) Society Board of Directors, L. Waldron, B. Wang, C. McIntosh, A. 
Goldenberg, A. Kundaje, C. S. Greene, T. Broderick, M. M. Hoffman, J. T. Leek, K. 
Korthauer, W. Huber, A. Brazma, J. Pineau, R. Tibshirani, T. Hastie, J. P. A. Ioannidis, J. 
Quackenbush, H. J. W. L. Aerts, Transparency and reproducibility in artificial intelligence. 
Nature. 586, E14–E16 (2020).

9. 	 A. Hosny, Hugo J W, Artificial intelligence for global health. Science. 366, 955–956 
(2019).

10. 	 B. H. Kann, A. Hosny, H. J. W. L. Aerts, Artificial intelligence for clinical oncology. 
Cancer Cell (2021), doi:10.1016/j.ccell.2021.04.002.

11.	 A. Hosny, D. S. Bitterman, C. V. Guthier, H. Roberts, S. Perni, A. Saraf, J. M. Qian, L. 
C. Peng, I. M. Pashtan, B. H. Kann, D. Kozono, P. Catalano, H. J. W. L. Aerts, R. H. 
Mak, Clinical Validation of Deep Learning Algorithms for Lung Cancer Radiotherapy 
Targeting. [Submitted]






	Contents
	Chapter 1
	Chapter 2
	Chapter 3
	Chapter 4



