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Summary

Objective: To summarize significant research contributions on
cancer informatics published in 2019,

Methods: An extensive search using PubMed/Medling and man-
ual review was conducted to identify the scientific contributions
published in 2019 that address topics in cancer informatics. The
selection process comprised three steps: (i) 15 condidate best
papers were first selected by the two section editors, (i) external
reviewers from infernationally renowned research teams reviewed
each candidate best paper, and (ii) the final selection of fwo best
papers was conducted by the editorial committee of the Yearbook.
Results: The two selected best papers demonstrate the clinical
uility of desp learning in two imporfant cancer domains: radiol-
ogy and pathology.

Conclusion: Cancer informatics is a broad and vigorous subfield
of biomedical informatics. Applications of new and emerging
computational technologies are especially nofable in 2019.
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Introduction

Cancer informatics is a broad field with
several fundamental goals: 1) organizing
data in ways that are comprehensible and
meaningful to clinicians, researchers,
and patients; 2) using data to advance the
research on cancer treatments; and 3) ma-
nipulating data to yield new insights. In this
third year of the Cancer Informatics section
of the International Medical Informatics
Association (IMIA) Yearbook, we continue
to focus on translational and clinical cancer
informatics, with a special emphasis on eth-
ics in concordance with the 2020 Yearbook
theme. As pointed out by Griffin, et al., [1]
in the survey paper of the Cancer Informatics
section of this IMIA Yearbook, “while there
are numerous innovations in the field of
cancer informatics to advance prevention
and clinical care, considerable challenges
remain related to data sharing and privacy,
digital accessibility, and algorithm biases
and interpretation.” In order to overcome
these challenges, technology solutions can-
not be considered in a vacuum, even those
with very high performance.

In 2020, the selection of papers in cancer
informatics intends to illuminate the current
progress of research with a focus on efforts to
translate research towards immediate clinical
applicability.

Paper Selection Method

One electronic database was searched,
PubMed/MEDLINE. The search was per-
formed in January 2020 to identify peer-re-
viewed journal articles published in 2019, in
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the English language, and related to cancer
informatics research. The following search
was implemented:

(“Neoplasms”[Mesh] OR “chemothera-
py”) AND (“Informatics”[Mesh] OR “cancer
informatics” OR “ontologies”) AND (hasab-
stract[text] AND (“2019/01/01”[PDAT]:
“2019/12/31”[PDAT]) AND English[lang])

This search yielded 3,323 results; the
titles of all were manually reviewed by one
of the two section editors, and the abstracts
of 270 of these were manually reviewed
by the same editor in order to arrive at a
candidate list of 86 papers. The search was
problematic for two reasons: 1) there was
low specificity due to the frequent MeSH
tagging of robotic surgery techniques,
radiation oncology treatment planning,
bioinformatics analyses, and conventional
retrospective epidemiologic studies; and 2)
content known to be in the clinical cancer
informatics domain was not captured with
high sensitivity. Despite these challenges,
the theme of deep learning applications
clearly emerged, especially in the realms
of radiomics and pathomics.

For those papers reporting on a classifi-
cation or prediction task, we generally took
the performance measures into account
when selecting the final 15 candidates,
most commonly the area under the receiver
operating characteristic curve (AUC). Both
section editors classified the 86 candidate
papers into three categories: definitely in-
clude, possibly include, or exclude. They
then reviewed in detail the possibly include
full-text articles to finally reach a mutual
list of 15 candidate best papers. Papers were
considered according to their originality,
innovativeness, scientific and/or practical
impact, and scientific quality.
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In accordance with the IMIA Yearbook
selection process [2], the 15 candidate best
papers were evaluated by the two section
editors and by additional external review-
ers (at least four reviewers per paper). Two
papers were finally selected as best papers
(Table 1). A content summary of the select-
ed best papers can be found in the appendix
of this synopsis.

Conclusions and Qutlook

The two selected best papers are both deep
learning approaches in two important sub-
specialties for the field of cancer: radiology
and pathology. This direction was anticipated
by a National Cancer Policy Forum (NCPF)
of the National Academy of Medicine work-
shop on Improving Cancer Diagnosis and
Care held in 2018 [3].

Ardila, et al., [4] describe a deep learn-
ing algorithm that uses a patient’s current
and prior computed tomography (CT)
volumes to predict the risk of lung cancer.
The model achieves 94.4% AUC on 6,716
National Lung Cancer Screening Trial cases
[5] and performs similarly on an indepen-
dent clinical validation set of 1,139 cases.
Furthermore, the algorithm outperformed
six expert radiologists with absolute reduc-
tions of 11% in false positives and 5% in
false negatives. Lung cancer is the number
one cancer killer and is felt to be much
more curable if detected early, making this a
major public health issue. Despite this, rates
of CT lung cancer screening are low [6].
This study suggests one way in which the
barrier to these low rates can be breached.

Campanella, et al., [7] developed a
multiple instance learning-based deep
learning system that uses only the reported
pathologic diagnoses as labels for training.
They evaluated the system on a very large
single-institutional dataset comprising
44732 whole slide images from 15,187
patients. Performance was evaluated on a
limited number of cancer types: prostate
cancer, basal cell carcinoma, and breast
cancer metastatic to axillary lymph nodes.
For these cancer types and circumstances,
AUC was above .98, setting a clear new bar
for performance of systems of this type. Ac-
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cording to the authors, implementation of
such a system in the clinical setting would
allow pathologists to exclude 65-75% of
slides while retaining 100% sensitivity.
This type of automated performance could
usher in a new era of pathology automation.
While this study is very impressive, a con-
troversy around the senior author’s role in
a for-profit venture with exclusive access
to the whole slide images [8] raises some
ethical questions.

The other candidate best papers cover the
gamut of cancer informatics. Continuing on
the theme of the selected best papers, Huang,
et al,, [9] and Wong, et al.,, [10] applied
artificial intelligence techniques to cancer.
Huang and colleagues used a convolutional
neural network to determine BI-RADS cat-
egory for breast ultrasound images. This is
a hot topic area and while it missed the date
cutoff for consideration in this Yearbook, the
system described by McKinney, et al., [11]
sets a new standard benchmark. Wong and
colleagues tackled a more circumscribed
problem — the prediction of early biochemi-
cal recurrence of prostate cancer.

Three of the candidate best papers [12-14]
tackle the challenge of the lack of standard-
ization in many domains of cancer informat-
ics in slightly different ways. Banerjee and
colleagues use natural language processing
(NLP) to detect breast cancer recurrence, an
important concept with no commonly used
structured correlate. Warner and colleagues
introduce a standard terminology of che-
motherapy regimens and related concepts.
Xu and colleagues develop and validate an
algorithm to detect breast cancer recurrence
based on non-specific billing codes.

Wu, et al., [15] and Kocak, et al., [16]
use radiomics approaches to predict genom-
ic alterations in tumor tissue. This is a very
interesting cross-over between disciplines
and may accelerate a merging of the fields
of molecular pathology and radiology, as
envisioned by the NCPF report mentioned
above. It will be interesting to follow the
development of this new field of radioge-
nomics over the upcoming years.

Bernard, et al., [17] and Lin, et al., [18]
develop interactive dashboards to elucidate
the complexity of cancer. Bernard and col-
leagues describe a visualization technique
to digest patient histories and illustrates
this with the use case of post-operative
prostate cancer. Lin and colleagues describe
a multifaceted platform used to support
studies on more than 50,000 patients with
nasopharyngeal cancer.

Zuley, et al., [19] and Maguire, et al.,
[20] apply informatics methods to cancer
registries. Information in registries is
painstakingly collected through manual
abstraction, and outside of the legally
mandated registries there are a multitude
of efforts to collect focused data, e.g., the
ACR National Mammography Database
[21]. These papers describe efforts to link
registries and to take advantage of free text
fields using NLP.

Unlike in prior years of this section,
only one knowledge base was selected
as a finalist. Lever, et al., [22] describe
CancerMine, a literature-based resource of
drivers, oncogenes, and tumor suppressors
in cancer. The resource is freely available
and downloadable at http://bionlp.begsc.
ca/cancermine.

Table T Best paper selection of articles for the IMIA Yearbook of Medical Informatics 2020 in the section 'Cancer Informatics”. The arficles are

listed in alphabetical order of the first author’s surname.

Section
Cancer Informatics

2019 May 20;25:954-61.

2019 Jul 15;25:1301-9.

= Ardila D, Kiraly AP Bharadwaj S, Choi B, Reicher 11, Peng L, Tse D, Etemadi M, Ye W, Corrado G, Naidich DP, Shetty S.
End-to-end lung cancer screening with three-dimensional deep learing on low-dose chest computed tomography. Nat Med

= (ampanella G, Hanna MG, Geneslaw L, Miraflor A, Wemeck Krauss Silva V, Busam KJ, Brogi E, Reuter VE, Klimstra DS,
Fuchs TJ. Clinical-grade computational pathology using weakly supervised deep learning on whole slide images. Nat Med




Finally, Zhu, et al., [23] use NLP to
identify social isolation affecting patients
with prostate cancer. Applying informatics to
social determinants of health is an excellent
example of a positive application of ethics
in informatics.
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Appendix: Content
Summaries of Best Papers
Selected for the 2020 Edition
of the IMIA Yearbook,

Section Cancer Informatics

Ardila D, Kiraly AP, Bharadwaj S, Choi B,
Reicher JJ, Peng L, Tse D, Etemadi M, Ye W,
Corrado G, Naidich DP, Shetty S

End-to-end lung cancer screening with
three-dimensional deep learning on low-
dose chest computed tomography

Nat Med 2019 May 20;25:954-61

A deep learning algorithm that uses a pa-
tient’s current and prior computed tomog-
raphy volumes was developed to predict
the risk of lung cancer. The model achieves
94.4% area under the curve (AUC) on 6,716
National Lung Cancer Screening Trial cases
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and performs similarly on an independent
clinical validation set of 1,139 cases. Fur-
thermore, the algorithm outperformed six
expert radiologists with absolute reductions
of 11% in false positives and 5% in false
negatives. Lung cancer is the number one
cancer killer and is felt to be much more
curable if detected early, making this a major
public health issue. Despite this, rates of CT
lung cancer screening are low. This study
suggests one way in which the barrier to
these low rates can be breached.

Campanella G, Hanna MG, Geneslaw L,
Miraflor A, Werneck Krauss Silva V, Busam
KJ, Brogi E, Reuter VE, Klimstra DS, Fuchs TJ

(linical-grade computational pathology
using weakly supervised deep learning on
whole slide images

Nat Med 2019 Jul 15;25:1301-9

The authors developed a multiple instance
learning-based deep learning system that
uses only the reported pathologic diagnoses

as labels for training. They evaluated the
system on a very large single-institutional
dataset comprising 44,732 whole slide
images from 15,187 patients. Performance
was evaluated on a limited number of cancer
types: prostate cancer, basal cell carcinoma,
and breast cancer metastatic to axillary
lymph nodes. For these cancer types and
circumstances, AUC was above 0.98, setting
a clear new bar for performance of systems
of this type. According to the authors,
implementation of such a system in the
clinical setting would allow pathologists to
exclude 65-75% of slides while retaining
100% sensitivity. This type of automated
performance could usher in a new era of
pathology automation.



