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Suggestions for topics suitable for these Point/Counterpoint debates should be addressed to
Habib Zaidi,-Geneva University Hospital, Geneva, Switzerland: habib.zaidi @hcuge.ch, and/or
Jing Cai, The Hong Kong Polytechnic University, Hong Kong: jing.cai @polyu.edu.hk. Persons
participating™in' Point/Counterpoint discussions are selected for their knowledge and
communicative'skill. Their positions for or against a proposition may or may not reflect their
personal opinions or the positions of their employers.
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Recent literature seems to indicate strong evidenceqtmmtitative featuregxtracted from
multimodality imaging dataserve asspecific biomarkersor surrogates of specifitumaor
molecular and genetic profilédbat can predict response to treatméd a consequence of the
progress in quantitative imaging and ttesurgenceof systems biologyand genomics, a new
promisingresearchdomain,referred to asadiogenomics, has recentlyemerged The approach
looks promising and preliminary results reported seem to suggest relevancecal oliiwology.
While seme“think that radiogenomics is the way to gothat progress ithe field likely will

have an impact omhe future of treatment response assessment in clinical oncology, others
remaincautious'arguing thatespitethe promising results reported in the literature, the technique
is in its infaney,and that its clinical levancestill remains to be demonstratekhis is the topic

of this month's’Point/Counterpoint debate.

Arguing for the Proposition isssam El NagaPhD. Dr. EI Naga received his B.Sc. (1992)
and M.Sc. (1995) in Electrical and Communication Engineering from the University of Jordan,
Jordan. He worked as a software engineer at the Computer Engineering Bumekzm), 7995
1996. Hewasra visiting scholat the RWTH Aachen, 1994998. He completed his Ph.D.
(2002) in Eleetrical and Computer Engineering from lllinois Institute of Technologizago,

IL, USA."He_completed an M.A. (2007) in Biology Science from Washington UniversiBt.in
Louis, Steslcouis, MO, USA, where he was pursuing a -plostoral fellowship in medical
physicsand was subsequently hired lastructor (20082007) and then an Assistant Professor
(20072010) at the departments of radiation oncology and the division of biomedical and
biological s®iences. He became an Associate Professor at McGill University Health
Centre/Medieal Physics Unit (20€ED15) and associate member of at the departments of
Physics, Biomedical Enginegeg, and e&perimental medicine. He is currently an Associate
Professor ,bRadiation Oncology at the University of Michigan at Ann Arbor. He is a certified
Medical Physicist by the American Board of Radiology. He is a recognized expert indeefie
image processing, bioinformatics, computational radiobiology, and treatment outtmceling

and has_published extensively in these areas with more than 12Q@eyeered journal
publicationsiHis recentedited textbooK'A Guide to Outcome Modeling in Radiotherapy and
Oncology: Listening to the Data,” is closely related to this Point/Countergebate.

Arguing against the proposition iSandy Napel, PhD. DrNapel obtained his BS in
Engineering from the State Univessibf New York at Stony Brook and his MS and PhD in
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Electrical Engineering from Stanford University. Originally appointed as aistAss Professor

at UCSF, he became Vice President of Engineering at Imatron Inc., manufacturer of the first
commercial cardiac CT scanner. He was a Visiting Assistant Professor and Scientist at the
Robarts Research Institute in London Ontario before joining Stanford’s Radiology Department in
1991, where-he is currently Professor of Radiology and Electrical Engineering and méedici
(Biomedical_Informatics).He co-founded the Radiology Department 3D and Quantitative
Imaging” Lab™in 1996, which developed many fundamental approaches to volumetric
visualization“and now processes over 2200 Stanford Medicine patient cases per matirig, cre
alternative visualizations and tracking quantitative measurements fromseigmal imaging
exams fors many medical conditions. He alscleads Stanford Radiology’s Division of
Integrative*Biomedical Imaging Informatics at Stanfdfids lab is focsed on the development

of quantitative imaging methods in cancer.

FOR THE'PROPOSITION: Issam EI Naga, Ph.D.

Opening Statement

The success of a cancer treatment depends on the ability to choose the right treatment regimen
(precision)«for the right patier(personalized). Current standards of care in oncology rely on
populationbased clinical factors (stage, age, gender, etc.) that are primpatigntaspecific

with suboptimal outcomes. Thanks to advances in multimodality imaging and biotechnology
there has been tremendous growth in pasgecific canceinformation from anatomical and
functional gimaging to whole molecular profiles (genomics, transcriptompesfeomics,
metabolomigesy'etc). Radiogenomics promise to leverage this available wealtbrmation on

each individual patient to guide the personalization of her/his treatment ptiescrand
adapation ofsuch treatment to changes occurring during the course of ther@pgrefore, the
utilization ,of radiogenomics not only inevitable but also indispensable in this era of precision
medicine; being recommended by practitioners and expected by patients and their advocate
However, the"application of radiogenomics has been met with mixed reviews aftidiskeand
rightfully se; . with irreproducible experimentation, conflicting results, iasesel costs, and
complexity without improved outcomes in clinical tridlsTherefore, the question ought here to

be asked is not whether radiogenomics is the future of treatment assessment but how we can

successfully apply it to fulfill its promise in optimizing treatment and im@rds efficacy.
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90 Bradley laid out a mukdimensional framework for incorporating biomarkers into clinical trial
91 designs of generic drugs (‘right target’, ‘right exposure’, ‘right safety profile’, ‘right patients’,
92 and the ‘right environment’y. These ERs entail going beyond the traditional (mise of
93 simple carrelative biomarkers of radiogenomics (molecular or imaging) into more robust
94 systens-based.approaches that can better capture the heterogeneous nature spfproperly
95 rank the “different treatment options, and piece together the complex dissdsent
96 interactions, while at the same time accounting for the observed diversityitalgihenotypes.
97 This is currently being made permissible through advances in computational modelingaand dat
98 analytics that can depict tumor diversity, intetlular networks and assist clinicians in assessing
99 and predictingstreatment resporise
100
101 AGAINST THEPROPOSITION: Sandy Napel, Ph.D.
102 Opening Statement
103 According.to_Wikipedia (the source of all knowledge), the term “radiogenomics” has two
104 meaningsi“the study of genetic variation associated with response to radR#dration
105 Genomics)” and “the correlation between cancer imaging features and gerssiexp(emaging
106 Genomics).’. Because the proposition does not limit “treatment response” to radiation
107 treamentsymy response assumes the term “radiogenomics” has the second of the two meanings.
108 Given this context, radiogenomics for therapeutic response assessment consists of three steps: (1)
109 radiomics’y.i.e., extracting quantitative features from tumors as displayed in medical irf@ges,
110 integratingsthese raginic features with genomic data obtained from analysis of tissue and
111 perhaps other<clinical dafaand (3) from these integrated data, building a predictive model for
112 the outcome variabl® which here is therapeutic response. While all three of these steps contain
113 challenges, | will focus on the first (radiomics), upon which all other steps diepemrgue

114 against the proposition.

115 First, the“conventional oncologic radiomics workflow requires that a region or volume of
116 interest.be defined that includes the tumor and, perhaps, nearby surrounding tissue, within whi
117 to extract radiomics features. Accurate and precise segmentation, e.gumior volume

118 determination, has been elusive for decades. While there have been some successes in narrowly
119 defined and carefully controlled situations, segmentation remains an unsolved ptblem

120 usually requires careful image editing, which can be quite-tiomsuming and variable amongst

This article is protected by copyright. All rights reserved



121
122
123
124
125
126
127
128
129
130
131
132
133
134

135
136
137
138
139
140

141

142
143
144
145
146
147
148
149
150

editors. This, irturn, may result in inaccurate and imprecise radiomics features. Other sources of
variation include differences in formulas used by different radiomics software packages,
variations in image acquisition (e.g., kV, mA, kernel in CT, pulse sequence in MR) an
reconstruction methods (e.qg., filtered backprojection vs. iterative methods in €paemeters

(e.g., slice thieckness, field of view, and other versjlzeeific implementations for all modalities),

and variationsdue to stochastic noi$&’. One possible mitigation would be to have access to
extremély*“large collections of images and segmentations (or radiomics features) with
accompanying clinical data including known thmFatic response, from which to construct
subsets with acquisition/reconstruction parameters close to what was useslifoaging of the
patient undersstudy. However, privacy and other concerns have limited, and ayetdikel
continue toslimit, the amoumf available shared data. Even if these data were available, scanner
hardware and software upgrades often result in different imaging characteristics that could make
radiomics features extracted from recent patients not comparable to those that have been

computed using images from older scanners.

Thus, the challenges radiogenomics faces in just the first step of the workflow, i.e., radiomics
feature extraction, are formidable. Without major progress on segmentation mettumpdsition
and reconstruction protocol standardization, and the availability of very large integrate
databases.containing images and segmentations (or standardized radiomics features), together
with outcomes (required for the third step: predictive model constructiatipgenomics is

unlikely to-emerge as a viable method of response assessment in clinical oncologutimr¢he f

Rebuttal: Issam'El Naga, Ph.D.

| concurwith“mycolleaguethat there are inherent challenges associated with anyddets
approach'such as radiogenomics/radiomics. These include the uncertainties embedded in the data
and the ability to train and evaluate the developed multivariate models on apiglgpuraed

large datasetssHowever, it is recognized that traditional approaches, such as clinical judgment or
general risk categorization, are also inadequate, with limited predictive/prognostic affilities
Ironically, they suffer from similar uncertainigsues, if not worse. Therefore, the question here
should be reformulated into whether there is an added value of any new information rid curre

clinical decision making beyond any perceived level of noise? Common sense dictatas that
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not only feadile but realizable. Surely, this requires the ability to quantify and mitigate sources
of uncertainties across different heterogeneous datasets, integration of molecular
profiles/imaging biomarkers with electronic health records, and yes, thewmmd ealuation

and updating of these models and monitoring their impact on clinical outcomesnBiigs

what we Medical Physicists are all about? Solving such problems! Innovative ideas such as
improved data/sharing?° and distributed learning techniqu&sare appearing with increasing
frequency."Nevertheless, we remain cognitively cautious that there are séatiaages to the
realization“of‘the full potentials of radiogenomics/radiomics in clinical practice. However, this
should not prevent us from reaping now their benefits given the current status tbneldi
approaches, garticularly if these models have passed the necessary rigorous validation tests for
predicting “*relevant clinical endpoints and guiding treatment regpoassessment.
Radiogenomics/radiomics models are not going away. Continued research endeavorsda this a
and overcoming current challenges will just make them even better for the ipgpfaisire of

clinical oncology.

Rebuttal: Sandy Napel, Ph.D.

| coud notiagree more with my colleague’s statement regarding what constitutes the success of a
cancer treatment, and that current “populatased” clinical standards are “primarily patient
aspecific with suboptimal outcomes.” And | also agree that by aguitigntspecific imaging

and omics.information, radiogenomics has the potential to power a more personakeckirie
approach;snowever, to achieve this we must acquire more data about each patiddtthedea

data to thespopulatiehased clinical faors upon which we currently rely. That is, for each
patient, to stage, age gender, etc., we must add radiomics features computed froagés,

and molecular profiles of samples of her tumors. In this way we add more specificity to the
available data foeach patient so that we can match a given individual to a smaller group of
patients and, thereby, be able to choose the most appropriate treatment, and to assess therapeutic
response, for'the individual. However, while this is clearly a desirable fatcheevement on a

large scalevis, by no means assured. As | enumerated in my argument against thoproposi
difficult challenges imposed by imaging data (including the sensitivity of many radiom
features to heterogeneous acquisition and reconstruptmiocols, inaccurate and imprecise
tumor segmentation methods, and stochastic noise), genomic data obtained frons sdmple
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heterogeneous tumor®, and restdgtions on sharing patiespecific data, diminish my

expectations for this future to come to pass.
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