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Abstract—This paper reviews state-of-the-art research
solutions across the spectrum of medical imaging informatics,
discusses clinical translation, and provides future directions for
advancing clinical practice. More specifically, it summarizes
advances in medical imaging acquisition technologies for different
modalities, highlighting the necessity for efficient medical data
management strategies in the context of Al in big healthcare data
analytics. It then provides a synopsis of contemporary and
emerging algorithmic methods for disease classification and
organ/ tissue segmentation, focusing on Al and deep learning
architectures that have already become the de facto approach. The
clinical benefits of in-silico modelling advances linked with
evolving 3D reconstruction and visualization applications are
further documented. Concluding, integrative analytics approaches
driven by associate research branches highlighted in this study
promise to revolutionize imaging informatics as known today
across the healthcare continuum for both radiology and digital
pathology applications. The latter, is projected to enable informed,
more accurate diagnosis, timely prognosis, and effective treatment
planning, underpinning precision medicine.

Index Terms—Medical Imaging, Image Analysis, Image
Classification, Image Processing, Image Segmentation, Image
Visualization, Integrative Analytics, Machine Learning, Deep
Learning, Big Data.
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I. INTRODUCTION

MEDICAL imaging informatics covers the application of

information and communication technologies (ICT) to medical
imaging for the provision of healthcare services. A wide-
spectrum of multi-disciplinary medical imaging services have
evolved over the past 30 years ranging from routine clinical
practice to advanced human physiology and pathophysiology.
Originally, it was defined by the Society for Imaging
Informatics in Medicine (SIIM) as follows [1]-[3]:
“Imaging informatics touches every aspect of the imaging
chain from image creation and acquisition, to image
distribution and management, to image storage and retrieval,
to image processing, analysis and understanding, to image
visualization and data navigation; to image interpretation,
reporting, and communications. The field serves as the
integrative catalyst for these processes and forms a bridge with
imaging and other medical disciplines.”

The objective of medical imaging informatics is thus,
according to SIIM, to improve efficiency, accuracy, and
reliability of services within the medical enterprise [3],
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concerning medical image usage and exchange throughout
complex healthcare systems [4]. In that context, linked with the
associate technological advances in big-data imaging, -omics
and electronic health records (EHR) analytics, dynamic
workflow optimization, context-awareness, and visualization, a
new era is emerging for medical imaging informatics,
prescribing the way towards precision medicine [5]-[7]. This
paper provides an overview of prevailing concepts, highlights
challenges and opportunities, and discusses future trends.
Following the key areas of medical imaging informatics in
the definition given above, the rest of the paper is organized as
follows: Section II covers advances in medical image
acquisition highlighting primary imaging modalities used in
clinical practice. Section IIl discusses emerging trends
pertaining to the data management and sharing in the medical
imaging big data era. Then, Section IV introduces emerging
data processing paradigms in radiology, providing a snapshot
of the timeline that has today led to increasingly adopting Al
and deep learning analytics approaches. Likewise, Section V
reviews the state-of-the-art in digital pathology. Section VI
describes the challenges pertaining to 3D reconstruction and
visualization in view of different application scenarios. Digital
pathology visualization challenges are further documented in
this section, while in-silico modelling advances are presented
next, debating the need of introducing new integrative, multi-
compartment modelling approaches. Section VII discusses the
need of integrative analytics and discusses emerging
radiogenomics paradigm for both radiology and digital
pathology approaches. Finally, Section VIII provides the
concluding remarks along with a summary of future directions.

II. IMAGE FORMATION AND ACQUISITION

Biomedical imaging has revolutionized the practice of
medicine with unprecedented ability to diagnose disease
through imaging the human body and high-resolution viewing
of cells and pathological specimens. Broadly speaking, images
are formed through interaction of electromagnetic waves at
various wavelengths (energies) with biological tissues for
modalities other than Ultrasound, which involves use of
mechanical sound waves. Images formed with high-energy
radiation at shorter wavelength such as X-ray and Gamma-rays
at one end of the spectrum are ionizing whereas at longer
wavelength - optical and still longer wavelength - MRI and
Ultrasound are nonionizing. The imaging modalities covered in
this section are X-ray, ultrasound, magnetic resonance (MR),
X-ray computed tomography (CT), nuclear medicine, and high-
resolution microscopy [8], [9] (see Table 1). Figure 1 shows
some examples of images produced by these modalities.

X-ray imaging’s low cost and quick acquisition time has led
to it being one of the most commonly used imaging techniques.
The image is produced by passing X-rays generated by an X-
ray source through the body and detecting the attenuated X-rays
on the other side via a detector array; the resulting image is a
2D projection with resolutions down to 100 microns and where
the intensities are indicative of the degree of X-ray attenuation
[9]. To improve visibility, iodinated contrast agents that
attenuate X-rays are often injected into a region of interest (e.g.,
imaging arterial disease through fluoroscopy). Phase-contrast
X-ray imaging can also improve soft-tissue image contrast by

using the phase-shifts of the X-rays as they traverse through the
tissue [10]. X-ray projection imaging has been pervasive in
cardiovascular, = mammography,  musculoskeletal, and
abdominal imaging applications among others [11].

Ultrasound imaging (US) employs pulses in the range of 1-
10 MHz to image tissue in a noninvasive and relatively
inexpensive way. The backscattering effect of the acoustic
pulse interacting with internal structures is used to measure the
echo to produce the image. Ultrasound imaging is fast,
enabling, for example, real-time imaging of blood flow in
arteries through the Doppler shift. A major benefit of ultrasonic
imaging is that no ionizing radiation is used, hence less harmful
to the patient. However, bone and air hinder the propagation of
sound waves and can cause artifacts. Still, ultrasound remains
one of the most used imaging techniques employed extensively
for real-time cardiac and fetal imaging [11]. Contrast-enhanced
ultrasound has allowed for greater contrast and imaging
accuracy with the use of injected microbubbles to increase
reflection in specific areas in some applications [12].
Ultrasound elasticity imaging has also been used for measuring
the stiffness of tissue for virtual palpation [13]. Importantly,
ultrasound is not limited to 2D imaging and use of 3D and 4D
imaging is expanding, though with reduced temporal resolution
[14].

MR imaging [15] produces high spatial resolution volumetric
images primarily of Hydrogen nuclei, using an externally
applied magnetic field in conjunction with radio-frequency
(RF) pulses which are non-ionizing [1]. MRI is commonly used
in numerous applications including musculoskeletal,
cardiovascular, and neurological imaging with superb soft-
tissue contrast [16], [17]. Additionally, functional MRI has
evolved into a large sub-field of study with applications in areas
such as mapping the functional connectivity in the brain [18].
Similarly, diffusion-weighted MRI images the diffusion of
water molecules in the body and has found much use in
neuroimaging and oncology applications [19]. Moreover,
Magnetic Resonance Elastography (MRE) allows virtual
palpation with significant applications in liver fibrosis [20],
while 4D flow methods permit exquisite visualization of flow
in 3D + t [17], [21]. Techniques that accelerate the acquisition
time of scans, e.g. compressed sensing, non-Cartesian
acquisitions [22], and parallel imaging [23], have led to
increased growth and utilization of MR imaging. In 2017, 36
million MRI scans were performed in the US alone [24].

X-ray CT imaging [25] also offers volumetric scans like
MRI. However, CT CT produces a 3D image via the
construction of a set of 2D axial slices of the body. Similar to
MRI, 4D scans are also possible by gating to the ECG and
respiration. Improved solid-state detectors, common in modern
CT scanners, have improved spatial resolutions to 0.25 mm
[26], while multiple detector rows enable larger spatial
coverage with slice thicknesses down to 0.625 mm. Spectral
computed tomography (SCT) utilizes multiple X-ray energy
bands that are used to produce distinct attenuation data sets of
the same organs. The resulting data permit material
composition analysis for a more accurate diagnosis of disease
[27]. CT is heavily used due to its quick scan time and excellent
resolution, in spite concerns of radiation dosage. Around 74
million CT studies were performed in the US alone in 2017
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TABLE 1. SUMMARY OF IMAGING MODALITIES CHARACTERISTICS

. . . . Storage
*
Technology Anatomies Dimensionality | Cost per Scan Requirements
Produces images by measuring the attenuation of
- N -+ - ~

X-ray X-rays through the body, via a detector array [9]. Most organs 2D, 2D+ $15-385 Up to ~1GB

Creates 2D cross-sectional images of the body by Up to 10s of
cT using a rotating X-ray source and detector [25]. Most organs 2D, 3D, 4D $57-385 GBs

. . $57-230,
+ .

Ultrasound A transducer array emlts acoustic pulses and Most Organs 2D, 2D+t, 3D, $633-1483 (with Up to GBs

measures the echoes from tissue scatters [9]. 4D

endoscope)

Uses a magnetic field to align atoms; RF pulses are Up to 10s of
MRI then used to excite the molecules to measure their | Most organs 3D, 4D $32-691 Ggs

locations within the body [15].

Measures the emission of gamma rays through | All organs with
Nuclear decay of radioisotopes introduced into the body via | radioactive tracer 2D, 3D, 4D $182-1375 Up to GBs

an external detectors/Gamma cameras [9] uptake

Typically uses an illumination source and lenses t: Primarily biopsies $248-482,
Microscopy | DMy Use: on source an © | and surgical 2D, 3D, 4D $642-1483 (with | Canbe>ITB

magnify specimens before capturing an image [9] .

specimens endoscope)
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MRI: Magnetic Resonance Imaging, CT: Computer Tomography, RF: Radiofrequency.
*Actual costs vary across providers, countries, and specific imaging parameters. Cost estimates obtained from https://www.medicare.gov/.
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(a) Cine-angiography X-ray (b) 4D gated planning CT

(d) Axial MRI slices

(e) Q SPECT lung perfusion

(f) 2D slice from a 3D FDG-PET

(g) Magnified, digitized tissue

Fig. 1. Typical medical imaging examples. (a) Cine angiography X-ray image after injection of iodinated contrast; (b) An axial slice of a 4D, gated planning
CT image taken before radiation therapy for lung cancer; (c) Echocardiogram — 4 chamber view showing the 4 ventricular chambers (ventricular apex located
at the top); (d) First row — axial MRI slices in diastole (left), mid-systole (middle), and peak systolic (right). Note the excellent contrast between blood pool
and left ventricular myocardium. Second row —tissues tagged MRI slices at the same slice location and time point during the cardiac cycle. The modality
creates noninvasive magnetic markers within the moving tissue [40]; (e) A typical Q SPECT image displaying lung perfusion in a lung-cancer patient; (f) A
2D slice from a 3D FDG-PET scan that shows a region of high glucose activity corresponding to a thoracic malignancy; (g) A magnified, digitized image of
brain tissue to look for signs of Glioblastoma (taken from TCGA Glioblastoma Multiforme collection (https://cancergenome.nih.gov/).

[24], and this number is bound to grow due to CT’s increased
applications in screening in emergency care.

In contrast to transmission energy used in X-ray based
modalities, nuclear medicine is based on imaging gamma rays
that are emitted through radioactive decay of radioisotopes
introduced in the body. The radioisotopes emit radiation that is
detected by an external camera before being reconstructed into
an image [11]. Single photon emission computed tomography
(SPECT) and positron emission tomography (PET) are
common techniques in nuclear medicine. Both produce 2D
image slices that can be combined into a 3D volume; however,
PET imaging uses positron-emitting radiopharmaceuticals that
produce two gamma rays when a released positron meets a free
electron. This allows PET to produce images with higher
signal-to-noise ratio and spatial resolution as compared to
SPECT [9]. PET is commonly used in combination with CT
imaging (PET/CT) [28] and more recently PET/MR [29] to
provide complementary information of a potential abnormality.

The use of fluorodeoxyglucose (FDG) in PET has led to a
powerful method for diagnosis and cancer staging. Time-of-
flight PET scanners offer improved image quality and higher
sensitivity during shorter scan times over conventional PET and
are particularly effective for patients with a large body habitus
[30].

Last but not least, the use of microscopy in imaging of cells
and tissue sections is of paramount importance for disease
diagnosis, e.g. for biopsy and/ or surgical specimens.
Conventional tissue slides contain one case per slide. A single
tissue specimen taken from a patient is fixated on a glass slide
and stained. Staining enhances visual representation of tissue
morphology, enabling a pathologist to view and interpret the
morphology more accurately. Conventional staining methods
include Hematoxylin and Eosin (H&E), which is the most
common staining system and stains nuclei, and
immunohistochemical staining systems. Light microscopes use
the combination of an illuminator and two or more lenses to
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magnify samples up to 1,000x although lower magnifications
are often used in histopathology. This allows objects to be
viewed at resolutions of approximately 0.2 pm and acts as the
primary tool in diagnosing histopathology. Light microscopy is
often used to analyze biopsy samples for potential cancers as
well as for studying tissue-healing processes [1], [31].

While conventional microscopy uses the principle of
transmission to view objects, the emission of light at a different
wavelength can help increase contrast in objects that fluoresce
by filtering out the excitatory light and only viewing the emitted
light — called fluorescence microscopy [32]. Two-photon
fluorescence imaging uses two photons of similar frequencies
to excite molecules which allows for deeper penetration of
tissue and lower phototoxicity (damage to living tissue caused
by the excitation source) [33]. These technologies have seen use
in neuro [34], [33] and cancer [35] imaging among other areas.

Another tissue slide mechanism is the Tissue Microarray
(TMA). TMA technology enables investigators to extract small
cylinders of tissue from histological sections and arrange them
in a matrix configuration on a recipient paraffin block such that
hundreds can be analyzed simultaneously [36]. Each spot on a
tissue microarray is a complex, heterogeneous tissue sample,
which is often prepared with multiple stains. While single case
tissue slides remain the most common slide type, TMA is now
recognized as a powerful tool, which can provide insight
regarding the underlying mechanisms of disease progression
and patient response to therapy. With recent advances in
immune-oncology, TMA technology is rapidly becoming
indispensable and augmenting single case slide approaches.
TMAs can be imaged using the same whole slide scanning
technologies used to capture images of single case slides.
Whole slide scanners are becoming increasingly ubiquitous in
both research and remote pathology interpretation settings [37].

For in-vivo imaging, Optical Coherence Tomography (OCT)
can produce 3D images from a series of cross-sectional optical
images by measuring the echo delay time and intensity of
backscattered light from internal microstructures of the tissue
in question [38]. Hyperspectral imaging is also used by
generating an image based on several spectra (sometimes
hundreds) of light to gain a better understanding of the
reflectance properties of the object being imaged [39].

The challenges and opportunities in the area of biomedical
imaging include continuing acquisitions at faster speeds and
lower radiation dose in the case of anatomical imaging
methods. Variations in imaging parameters (e.g. in-plane
resolution, slice thickness, etc.) — which were not discussed —
may have strong impacts on image analysis and should be
considered during algorithm development. Moreover, the
prodigious amount of imaging data generated causes a
significant need for informatics in the storage and transmission
as well as in the analysis and automated interpretation of the
data, underpinning the use of big data science in improved
utilization and diagnosis.

III. INTEROPERABLE AND FAIR DATA REPOSITORIES FOR
REPRODUCIBLE, EXTENSIBLE AND EXPLAINABLE RESEARCH

Harnessing the full potential of available big data for
healthcare innovation necessitates a change management

strategy across both research institutions and clinical sites. In
its present form, heterogeneous healthcare data ranging from
imaging, to genomic, to clinical data, that are further augmented
by environmental data, physiological signals and other, cannot
be used for integrative analysis (see Section VII) and new
hypothesis testing. The latter is attributed to a number of
factors, a non-exhaustive list extending to the data being
scattered across and within institutions in a poorly indexed
fashion, not being openly-available to the research community,
and not being well-curated nor semantically annotated.
Additionally, these data are typically semi- or un- structured,
adding a significant computational burden for constituting them
data mining ready.

A cornerstone for overcoming the aforementioned
limitations relies on the establishment of efficient, enterprise-
wide clinical data repositories (CDR). CDRs can systematically
aggregate information arising from: (i) Electronic Health and
Medical Records (EHR/ EMR; term used interchangeably); (ii)
Radiology and Pathology archives (relying on picture archive
and communication systems (PACS)), (iii) a wide range of
genomic sequencing devices, Tumor Registries, and
Biospecimen Repositories, as well as (iv) Clinical Trial
Management Systems (CTMS). Here, it is important to note that
EHR/ EMR are now increasingly used as the umbrella term
instead of CDRs encompassing the wealth of medical data
availability. We adopt this approach in the present study. As
these systems become increasingly ubiquitous, they will
decisively contribute as fertile resources for evidence-based
clinical practice, patient stratification, and outcome assessment,
as well as for data-mining and drug discovery [41]-[45].

Toward this direction, many clinical and research sites have
developed such data management and exploration tools to track
patient outcomes [46]. Yet, many of them receive limited
adoption from the clinical and research communities because
they require manual data entry and do not furnish the necessary
tools required to enable end-users to perform advanced queries.
More recently, there has been a much greater emphasis placed
on developing automated extraction, transformation and load
(ETL) interfaces. ETLs can accommodate the full spectrum of
clinical information, imaging studies and genomic information.
Hence, it is possible to interrogate multi-modal data in a
systematic manner, guide personalized treatment, refine best
practices and provide objective, reproducible insight as to the
underlying mechanisms of disease onset and progression [47].

One of the most significant challenges towards establishing
enterprise-wide EHRs stems from the fact that a tremendous
amount of clinical data are found in unstructured or semi-
structured format with a significant number of reports generated
at 3™ party laboratories. Many institutions simply scan these
documents into images or PDFs so that they can be attached to
the patient’s EHR. Other reports arrive in Health Level 7 (HL7)
format with the clinical content of the message aggregated into
a continuous ASCII (American Standard Code for Information
Interchange) string. Unfortunately, such solutions address only
the most basic requirements of interoperability by allowing the
information to flow into another Healthcare Information
Technology (HIT) system; but since the data are not discrete,
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they cannot be easily migrated into a target relational or
document-oriented (non-relational) database.

To effectively incorporate this information into the EHRs
and achieve semantic interoperability, it is necessary to develop
and optimize software that endorses and relies on
interoperability profiles and standards. Such standards are
defined by the Integrating the Healthcare Enterprise (IHE), HL7
Fast Healthcare Interoperability Resources (FHIR), and Digital
Imaging and Communications in Medicine (DICOM), the latter
also extending to medical video communications [48].
Moreover, to adopt clinical terminology coding (e.g.,
Systemized Nomeclature of Medicine-Clinical Terms
(SNOMED CT), International Statistical Classification of
Diseases and Related Health Problems (ICD) by the World
Health Organization (WHO)). In this fashion, software systems
will be in position to reliably extract, process, and share data
that would otherwise remain locked in paper-based documents
[49]. Importantly, (new) data entry (acquisition) in a
standardized fashion underpins extensibility that in turns results
in increased statistical power of research studies relying on
larger cohorts.

The availability of metadata information is central in
unambiguously describing processes throughout the data
handling cycle. Metadata underpin medical dataset sharing by
providing descriptive information that characterize the
underlying data. The latter, can be further capitalized towards
joint processing of medical datasets constructed under different
context, such as clinical practice, research and clinical trials
data [50]. A key medical imaging example concept relevant to
metadata usage comes from image retrieval. Traditionally,
image retrieval relied on image metadata, such as keywords,
tags or descriptions. However, with the advent of machine and
deep learning Al solutions (see Section IV), content-based
image retrieval (CBIR) systems evolved to exploiting rich
contents extracted from images (e.g., imaging, statistical, object
features, etc.) stored in a structured manner. Today, querying
for other images with similar contents typically relies on a
content-metadata  similarity metric. Supervised, semi-
supervised and unsupervised methods can be applied for CBIR
extending across imaging modalities [51].

FAIR guiding principles initiative attempts to overcome
(meta) data availability, by establishing a set of
recommendations towards constituting (meta) data findable,
accessible, interoperable, and reusable (FAIR) [52]. At the
same time, privacy-preserving data publishing (PPDP) is an
active research area aiming to provide the necessary means for
openly sharing data. PPDP objective is to preserve patients’
privacy while achieving the minimum possible loss of
information [53]. Sharing such data can increase the likelihood
of novel findings and replication of existing research results
[54]. To accomplish the anonymization of medical imaging
data, approaches such as k-anonymity [55], [56], I-diversity
[57] and t-closeness [58] are typically used. Toward this
direction, multi-institutional collaboration is quickly becoming
the vehicle driving the creation of well-curated and
semantically annotated large cohorts that are further enhanced
with research methods and results metadata, underpinning

reproducible, extensible, and explainable research [59], [60].
From a medical imaging research perspective, the quantitative
imaging biomarkers alliance (QIBA) [61] and more recently the
image biomarker standardisation initiative (IBSI) [62] set the
stage for multi-institution collaboration across imaging
modalities. QIBA and IBSI vision is to promote reproducible
results emanating from imaging research methods by removing
interoperability barriers and adopting software, hardware, and
nomeclature standards and guidelines [63]-[66]. Disease
specific as well as horizontal examples include the Multi-Ethnic
Study of Atherosclerosis (MESA - www.mesa-nhlbi.org), the
UK biobank (www.ukbiobank.ac.uk ), the Cancer Imaging
Archive (TCIA - www.cancerimagingarchive.net/), the Cancer
Genome Atlas (TCGA - https://cancergenome.nih.gov/), and
the Alzheimer’s Disease Neuroimaging Initiative (ADNI -
http://adni.loni.usc.edu/). In a similar context, the CANDLE
project (CANcer Distributed Learning Environment) focuses
on the development of open-source Al-driven predictive
models under a single scalable deep neural network umbrella
code. Exploiting the ever-growing volumes and diversity of
cancer data and leveraging exascale computing capabilities, it
aspires to advance and accelerate cancer research.

The co-localization of such a broad number of correlated data
elements representing a wide spectrum of clinical information,
imaging studies, and genomic information, coupled with
appropriate tools for data mining, are instrumental for
integrative analytics approaches and will lead to unique
opportunities for improving precision medicine [67], [68].

IV. PROCESSING, ANALYSIS, AND UNDERSTANDING IN
RADIOLOGY

This section reviews the general field of image analysis and
understanding in radiology whereas a similar approach is
portrayed in the next section for digital pathology.

Medical image analysis typically involves the delineation of
the objects of interest (segmentation) or description of labels
(classification) [69]-[72]. Examples include segmentation of
the heart for cardiology and identification of cancer for
pathology. To date, medical image analysis has been hampered
by a lack of theoretical understanding on how to optimally
choose and process visual features. A number of ad hoc (or
hand-crafted) feature analysis approaches have achieved some
success in different applications, by explicitly defining a prior
set of features and processing steps. However, no single method
has provided robust, cross-domain application solutions. The
recent advent of machine learning approaches has provided
good results in a wide range of applications. These approaches,
attempt to learn the features of interest and optimize parameters
based on training examples. However, these methods are often
difficult to engineer since they can fail in unpredictable ways
and are subject to bias or spurious feature identification due to
limitations in the training dataset. An important mechanism for
advancing the field is by open access challenges in which
participants can benchmark methods on standardized datasets.
Notable examples of challenges include dermoscopic skin
lesions [73], brain MRI [74], [75], heart MRI [76], quantitative
perfusion [77], classification of heart disease from statistical
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shape models [78], retinal blood vessels segmentation [79],
[80], general anatomy (i.e., the VISCERAL project evaluated
the subjectivity of 20 segmentation algorithms [81]),
segmentation of several organs together (the decathlon
challenge) [82], and many others. An up-to-date list of open and
ongoing biomedical challenges appears in [83]. These
challenges have provided a footing for advances in medical
image analysis and helped push the field forward; however, a
recent analysis of challenge design has showed that biases exist
that questions how easy would be to translate methods to
clinical practice [84].

A. Feature Analysis

There has been a wealth of literature on medical image
analysis using signal analysis, statistical modelling, etc. [71].
Some of the most successful include multi-atlas segmentation
[85], graph cuts [86], and active shape models [87], [88]. Multi-
atlas segmentation utilizes a set of labelled cases (atlases) which
are selected to represent the variation in the population. The
image to be segmented is registered to each atlas (i.e., using
voxel-based morphometry [89]) and the propagated labels from
each atlas are fused into a consensus label for that image. This
procedure adds robustness since errors associated with a
particular atlas are averaged to form a maximum likelihood
consensus. A similarity metric can then be used to weight the
candidate segmentations. A powerful alternative method
attempts to model the object as a deformable structure, and
optimize the position of the boundaries according to a similarity
metric [87]-[90]. Active shape models contain information on
the statistical variation of the object in the population and the
characteristic of their images [91]. These methods are typically
iterative and may thus get stuck in a local minimum. On the
other hand, graph cut algorithms facilitate a global optimal
solution [86]. Despite the initial graph construction being
computationally expensive, updates to the weights (interaction)
can be computed in real time.

B. Machine Learning

Machine learning (prior to deep learning which we analyse
below) involves the definition of a learning problem to solve a
task based on inputs [92]. To reduce data dimensionality and
induce necessary invariances and covariances (e.g. robustness
to intensity changes or scale) early machine learning
approaches relied on hand-crafted features to represent data. In
imaging data several transforms have been used to capture local
correlation and disentangle frequency components spanning
from Fourier, Cosine or Wavelet transform to the more recent
Gabor filters that offer also directionality of the extracted
features and superior texture information (when this is deemed
useful for the decision). In an attempt to reduce data
dimensionality or to learn in a data-driven fashion features,
Principal and Independent Component Analyses have been
used and [93] also the somewhat related (with some
assumptions) K-means algorithm [94]. These approaches
formulate feature extraction within a reconstruction objective
imposing different criteria on the reconstruction and the
projection space (e.g. PCA assumes the projection space is

orthogonal). Each application then required a significant effort
in identifying the proper features (known as feature
engineering), which would then be fed into a learnable decision
algorithm (for classification or regression). A plethora of
algorithms have been proposed for this purpose, a common
choice being support vector machines [95], due to the ease of
implementation and the well understood nonlinear kernels.
Alternatively, random forest methods [96] employ an ensemble
of decision trees, where each tree is trained on a different subset
of the training cases, improving the robustness of the overall
classifier. An alternative classification method is provided by
probabilistic boosting trees [97], which forms a binary tree of
strong classifiers using a boosting approach to train each node
by combining a set of weak classifiers. However, recent
advances in GPU processing and availability of data for training
have led to a rapid expansion in neural nets and deep learning
for regression and classification [98]. Deep learning methods
instead optimize simultaneously for the decision (classification
or regression) whilst identifying and learning suitable input
features. Thus, in lieu of feature engineering, learning how to
represent data and how to solve for the decision are now done
in a completely data-driven fashion, notwithstanding the
existence of approaches combining feature-engineering and
deep learning [99]. Exemplar deep learning approaches for
medical imaging purpose are discussed in the next subsections.

C. Deep Learning for Segmentation

One of the earliest applications of convolutional neural
networks (CNN, the currently most common form of deep
learning) has appeared as early as 1995, where a CNN was used
for lung nodule detection in chest x-rays [100]. Since then,
fueled by the revolutionary results of AlexNet [101] and
incarnations of patch-based adaptations of Deep Boltzmann
Machines and stacked autoencoders, deep learning based
segmentation of anatomy and pathology has witnessed a
revolution (see also Table II), where for some tasks now we
observe human level performance [102]. In this section, we aim
to analyse key works and trends in the area, while we point
readers to relevant, thorough reviews in [69], [70].

The major draw of deep learning and convolutional
architectures is the ability to learn suitable features and decision
functions in tandem. While AlexNet quickly set the standard for
classification (that was profusely adapted also for classification
of medical tasks, see next subsection) it was the realisation that
dense predictions can be obtained from classification networks
by convolutionalization that enabled powerful segmentation
algorithms [103]. The limitations of such approaches for
medical image segmentation were quickly realised and led to
the discovery of U-Net [104], which is even today one of the
most successful architectures for medical image segmentation.

The U-Net is simple in its conception: an encoder-decoder
network that goes through a bottleneck but contains skip
connections from encoding to decoding layers. The skip
connections allow the model to be trained even with few input
data and offer highly accurate segmentation boundaries, albeit
perhaps at the “loss” of a clearly determined latent space. While
the original U-Net was 2D, in 2016, the 3D U-net was proposed
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that allowed full volumetric processing of imaging data [105],
maintaining the same principles of the original U-net.

Several works were inspired by treating image segmentation
as an image-to-image translation (and synthesis) problem. This
introduced a whole cadre of approaches that permit for
unsupervised and semi-supervised learning working in tandem
with adversarial training [106] to augment training data
leveraging label maps or input images from other domains. The
most characteristic examples are works inspired by CycleGAN
[107]. CycleGAN allows mapping of one image domain to
another image domain even without having pairs of images.
Early on Chartsias et al, used this idea to generate new images
and corresponding myocardial segmentations mapping CT to
MRI images [108]. Similarly, Wolterink et al used it in the
context of brain imaging [109]. Both these approaches paired
and unpaired information (defining a pair as an input image and
its segmentation) differently to map between different
modalities (MR to CT) or different MR sequences.

Concretely rooted in the area of semi-supervised learning
[110] are approaches that use discriminators to approximate
distributions of shapes (and thus act as shape priors), to solve
the segmentation task in an unsupervised manner in the heart or
the brain [111]. However, in the context of cardiac
segmentation, the work of Chartsias et al, showed that when
combined with auto-encoding principles and factorised
learning, a shape-prior aided with reconstruction objectives
offer a compelling solution to semi-supervised learning for
myocardial segmentation [112].

We highlight that all the above works treat expert
delineations as ground truth, whereas our community is well
aware of the variability in the agreement between experts in
delineation tasks. Inspired by aforementioned, Kohl et al
devised a probabilistic U-Net, where the network learns from a
variety of annotations without need to provide (externally) a
consensus [113]. However, we note that use of supervision via
training exemplars as a signal could be limited and may not
fully realize the potential of deep learning.

D. Deep Learning for Classification

Deep learning algorithms have been extensively used for
disease classification, or screening, and have resulted in
excellent performance in many tasks (see Table II).
Applications include screening for acute neurologic events
[114], diabetic retinopathy [115], and melanoma [116].

Like segmentation, these classification tasks have also
benefited from CNNs. Many of the network architectures that
have been proven on the ImageNet image classification
challenge [117] have seen reuse for medical imaging tasks by
fine-tuning previously trained layers. References [118] and
[119] were among the first that assessed the feasibility of using
CNN-based models trained on large natural image datasets, for
medical tasks. In [118], the authors showed that pre-training a
model on natural images and fine-tuning its parameters for a
new medical imaging task gave excellent results. These
findings were reinforced in [120] to demonstrate that fine-
tuning a pre-trained model generally performs better than a
model trained from scratch. Ensembles of pre-trained models

can also be fine-tuned to achieve strong performance as
demonstrated in [121].

This transfer learning approach is not straightforward,
however, when the objective is tissue classification of 3D image
data. Here, transfer learning from natural images is not possible
without first condensing the 3D data into two dimensions.
Practitioners have proposed a myriad of choices on how to
handle this issue, many of which have been quite successful.
Alternative approaches directly exploit the 3D data by using
architectures that perform 3D convolutions and then train the
network from scratch on 3D medical images [122]-[126]. Other
notable techniques include slicing 3D data into different 2D
views before fusing to obtain a final classification score [127].
Learning lung nodule features using a 2D autoencoder [128]
and then employing a decision tree for distinguishing between
benign nodules and malignant ones was proposed in [129].

Development of an initial network — in which transfer
learning is dependent — is often difficult and time-consuming.
Automated Machine Learning (AutoML) has eased this burden
by finding optimal networks hyperparameters [130] and, more
recently, optimal network architectures [131]. We suspect these
high-level training paradigms will soon impact medical image
analysis.

Overall, irrespective of the training strategy used,
classification tasks in medical imaging are dominated by some
formulation of a CNN — often with fully-connected layers at the
end to perform the final classification. With bountiful training
data, CNNs can often achieve state-of-the-art performance;
however, deep learning methods generally suffer with limited
training data. As discussed, transfer learning has been
beneficial in coping with scant data, but the continued
availability of large, open datasets of medical images will play
a big part in strengthening classification tasks in the medical
domain.

E. CNN Interpretability

Although Deep CNNs have achieved extremely high
accuracy, they are still black-box functions with multiple layers
of nonlinearities. It is therefore essential to trust the output of
these networks and to be able to verify that the predictions are
from learning appropriate representations, and not from
overfitting the training data. Deep CNN interpretability is an
emerging area of machine learning research targeting a better
understanding of what the network has learned and how it
derives its classification decisions. One simple approach
consists of visualizing the nearest neighbors of image patches
in the fully connected feature space [101]. Another common
approach that is used to shed light on the predictions of Deep
CNN is based on creating saliency maps [132] and guided
backpropagation [133], [134]. These approaches aim to identify
voxels in an input image that are important for classification
based on computing the gradient of a given neuron at a fixed
layer with respect to voxels in the input image. Another similar
approach, that is not specific to an input image, uses gradient
ascent optimization to generate a synthetic image that
maximally activates a given neuron [135]. Feature inversion,
where the difference between an input image and its

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/.



Biomedical and Health Informatics

> REPLACE THIS LINE WITH YOUR PAPER IDENTIFICATION NUMBER (DOUBLE-CLICK HERE TO EDIT) <

TABLE II. SELECTED DEEP LEARNING METHODS FOR MEDICAL IMAGE SEGMENTATION AND CLASSIFICATION

Year - [REF] . Imaging . Segmentation/ o
Author Disease Data Patients DL Method Classification Description
1995 - [100] Nodules detection | First ever attempt to use CNN for
Loetal Lung Cancer X-ray 33 2 layer CNN in a patch fashion | medical image analysis
2015 -[104] Electron Segmentation of | Image to image tasks architecture
Ronneberger Cells and optical 30/35 U-net EM images and | depicting exceptional segmentation
etal microscopy cell tracking performance even with limited data
2016 - [118] Interstitial Lung 120 Transfer learning Ir}terstltlal _lung Showed tha§ networks pre-trained
Shin et al Disease CT (905 slices) (Ale).(Net, GoogleNet, dlsea§e ) binary | on natural image data' could be
CifarNet CNNs) classification succesfully used on medical data
Two-stage: 1) 3D | 3D FCN  for | A two-stage systemused a3D FCN
2016 - [122] Cerebral MRI 320 Fully-convolutional candidate to detect candidate microbleeds
Dou et al Microbleeds network (FCN), 2) 3D | microbleed before a 3D CNN was applied to
CNN detection reduce false positives
Two-stage: 1) Feature- . Significantly ~ reduced  false
888 scans, | engineered candidate | Candidate o . . .
2016 - [127] Pulmonary S positives using fusion of multiple
Setio et al Cancer cT 1186 detector, 2) Multi-view | pulmonary 2D CNN s at different views around
nodules 2D CNN for false | nodules detection
. . a nodule
positive reduction
. s High correlation (0.90) with plaque
2017 - [268] Cardiovascular Four convolutional and Characte_r 1zation composition clinical assessment for
. - usS 56 cases three fully connected | of carotid plaque - L
Lekadir et a/ (carotid artery) 1 o the estimation of lipid core, fibrous
ayers composition - :
cap, and calcified tissue areas
_ Very deep (38/50/101 . Used a very deep residual network
2017 - [128] Melanoma Dermoscop . 1250 layers) fully Binary melanoma (16 residual blocks) to classify
Yuetal ic Images images . classification
conv. residual network melanoma
. . . Top-performing segmentation
2017 - [102] TBI, LGG/ 61/110/ 11-lavyers, mpltl-scale Brain ) lesion results on TBL brain tumours. and
Komnitsas et GBM. Strok MRI ISLES- 3D CNN with fully | segmentation ischemi k d
al » Stroke SISS data connected CRF algorithm ischemic stroke at BRATS an
ISLES 2015 challenges
Necrosis, Overall survival prognostic
2(11&70_6&2416] GBM MRI 112 Transfer learning en;f;izngfﬁf(’n??d signature  for patients  with
a . Glioblastoma Multiforme (GBM)
subregions
Tissue (muscle,
2017 - [247] Con\{Net transfer body fat, aorta, Predict patients’ 5-year mortality
Overall CT learning 3 L . . .
Oakden- . 48 . vertebral column, | probability using radiogenomics
Survival (chest) convolutional and 1 - . -
Rayner et al epicardial fat, data (overall survival)
fully connected layers)
heart, lungs)
Transfer learning L .
2017 - [241] Breast Cancer DCE-MRI 270 (GoogleNet, VGGNet, Breast.tumour Discriminate between Luminal A
Zhu et al lesions and other breast cancer subtypes
CIFAR)
. Limited training data when
2018 . [112] Cardiovascular MRI 100 Various networks Segrpentatlon of appropriate autonecoding losses
Chartsias et a/ cardiac anatomy .
are introduced
2020._ [121] 25,856 & Ensemble and transfer Breast cancer Cancer pI'ﬁ;dlCthn on two la'rge
McKinney et Breast Cancer X-ray . . . datasets with comparison against
3,097 cases | learning classification
al human readers
2019 -[170] Whole .shde Transfer learning | Binary melanoma H.um.an' le.vel performanq: mn
Melanoma H&E tissue 695 . . discriminating between nevi and
Hekler et a/ . . (ResNet50) classification .
imaging melanoma images

US: Ultrasound; MRI: Magnetic Resonance Imaging; DCE-MRI: Dynamic Contrast Enhancement MRI; CT: Computed Tomography; PET: Positron
Emission Tomography; GBM: Glioblastoma; LGG: Lower-Grade Glioma; CNN: Convolutional Neural Networks.
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reconstruction from a representation at a given layer, is another
approach that can capture the relevant patches of the image at
the considered layer [136]. Other methods for interpreting and
understanding deep networks can be found in [137]-[139].
Specifically, for medical imaging, techniques described in
[140] interpret predictions in a visually and semantically
meaningful way while task-specific features in [141] are
developed such that their deep learning system can make
transparent classification predictions. Another example uses
multitask learning to model the relationship between benign-
malignant and eight other morphological attributes in lung
nodules with the goal of an interpretable classification [142].
Importantly, due diligence must be done during the design of
CNN systems in the medical domain to ensure spurious
correlations in the training data are not incorrectly learned.

F. Interpretation and Understanding

Once object geometry and function has been quantified,
patient cohorts can be studied in terms of the statistical variation
of shape and motion across large numbers of cases. In the Multi-
Ethnic Study of Atherosclerosis, heart shape variations derived
from MRI examinations were associated with known
cardiovascular risk factors [143]. Moreover, application of
imaging informatics methodologies in the cardiovascular
system has produced important new knowledge and has
improved our understanding of normal function as well as of
pathophysiology, diagnosis and treatment of cardiovascular
disorders [144]. In the brain, atlas-based neuroinfoimatics
enables new information on structure to predict
neurodegenerative diseases [145].
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At the same time, it is also possible to extract information on
biophysical parameters of tissues and organs from medical
imaging data. For example, in elastography, it is possible to
estimate tissue compliance from the motion of wave imaged
using ultrasound or MRI [146], whereas in the heart,
myocardial stiffness is associated with disease processes. Given
knowledge of the boundary loading, and imaged geometry and
displacements, finite element analysis can estimate material
properties compatible with the imaged deformation [147].

V. PROCESSING, ANALYSIS, AND UNDERSTANDING IN
DIGITAL PATHOLOGY

Pathology classifications and interpretations have
traditionally been developed through pathologist examination
of tissue prepared on glass slides using microscopes. Analyses
of single tissue and TMA images have the potential to extract
highly detailed and novel information about the morphology of
normal and diseased tissue and characterization of disease
mechanics at the sub-cellular scale. Studies have validated and
shown the value of digitized tissue slides in biomedical research
[148]-[152]. Whole slide images can contain hundreds of
thousands or more cells and nuclei. Detection, segmentation
and labeling of slide tissue image data can thus lead to massive,
information rich datasets. These datasets can be correlated to
molecular tumor characteristics and can be used to
quantitatively characterize tissue at multiple spatial scales to
create biomarkers that predict outcome and treatment response
[150], [152]-[154]. In addition, multiscale tissue
characterizations can be employed in epidemiological and
surveillance studies. The National Cancer Institute SEER
program is exploring the use of whole slide imaging extracted
features to add cancer biology phenotype data to its surveillance
efforts. Digital pathology has made great strides in the past 20
years. A good review of challenges and advancements in digital
pathology is provided in several publications [155]-[157].
Whole slide imaging is also now employed at some sites for
primary anatomic pathology diagnostics. In light of advances in
imaging instruments and software, the FDA approved in 2017
the use of a commercial digital pathology system in clinical
settings [158]. A summary of Al-based medical imaging
systems that have obtained FDA approval appear in Table III.

A. Segmentation and Classification

Routine availability of digitized pathology images, coupled
with well-known issues associated with inter-observer
variability in how pathologists interpret studies [159], has led
to increased interest in computer-assisted decision support
systems. Image analysis algorithms, however, have to tackle
several challenges in order to efficiently, accurately and reliably
extract information from tissue images. Tissue images contain
a much denser amount of information than many other imaging
modalities, encoded at multiple scales (pixels, objects such as
nuclei and cells, and regions such as tumor and stromal tissue
areas). This is further compounded by heterogeneity in structure
and texture characteristics across tissue specimens from
different disease regions and subtypes. A major challenge in
pathology decision support also arises from the complex and

nuanced nature of many pathology classification systems.
Classifications can hinge of the fraction of the specimen found
to have one or another pattern of tissue abnormality. In such
cases, the assessment of abnormality and the estimate of tissue
area are both subjective. When interpretation could only be
carried out using glass slides, the profound way of reducing
inter-observer variability was for multiple pathologists to view
the same glass slides and to confer on interpretation. These
challenges have motivated many efforts for the development of
image analysis methods to automate whole slide image
pathology interpretation. While few of these methods have
found their way into clinical practice, results are promising and
seem almost certain to ultimately lead to the development of
effective methods to routinely provide algorithmic anatomic
pathology second opinions. A comprehensive review of these
initiatives appears in [160]-[162].

Some of the earlier works employed statistical techniques
and machine learning algorithms to segment and classify tissue
images. Bamford and Lovell, for example, used active contours
to segment nuclei in Pap stained cell images [163]. Malpica et
al. applied watershed-based algorithms for separation of nuclei
in cell clusters [164]. Kong et al. utilized a combination of
grayscale reconstruction, thresholding, and watershed-based
methods [165]. Gao et al. adapted a hierarchical approach based
on mean-shift and clustering analysis [166]. Work by Al-Kofahi
et al. implemented graph-cuts and multiscale filtering methods
to detect nuclei and delineate their boundaries [167]. In recent
years, deep learning methods have rapidly grown in importance
in pathology image analysis [160]. Deep learning approaches
make it possible to automate many aspects of the information
extraction and classification process. A variety of methods have
been developed to classify tissue regions or whole slide images,
depending on the context and the disease site. Classifications
can hinge on whether regions of tissue contain tumor, necrosis
or immune cells. Classification can also target algorithmic
assessment of whether tissue regions are consistent with
pathologist descriptions of tissue patterns. An automated
system for the analysis of lung adenocarcinoma based on
nuclear features and WHO subtype classification using deep
convolutional neural networks and computational imaging
signatures was developed, for example, in [168]. There has
been a wealth of work over the past twenty years to classify
histological patterns in different disease sites and cancer types
(e.g. Gleason Grade in prostate cancer, lung cancer, breast
cancer, melanoma, lymphoma and neuroblastoma) using
statistical methods and machine and deep learning techniques
[154],[169], [170].

Detection of cancer metastases is an important diagnostic
problem to which machine-learning methods have been
applied. The CAMELYON challenges target methods for
algorithmic detection and classification of breast cancer
metastases in H&E whole slide lymph node sections [171]. The
best performing methods employed convolutional neural
networks differing in network architecture, training methods,
and methods for pre- and post- processing. Overall, there has
been ongoing improvement in performance of algorithms that
detect, segment and classify cells and nuclei. These algorithms
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often form crucial components of cancer biomarker algorithms.
Their results are used to generate quantitative summaries and
maps of the size, shape, and texture of nuclei as well as
statistical characterizations of spatial relationships between
different types of nuclei [172]-[176]. One of the challenges in
nuclear characterization is to generalize the task across different
tissue types. This is especially problematic because generating
ground truth datasets for training is a labor intensive and time-
consuming process and requires the involvement of expert
pathologists. Deep learning generative adversarial networks
(GANs) have proved to be useful in generalizing training
datasets in that respect [177].

B. Interpretation and Understanding

There is increasing attention paid to the role of tumor
immune interaction in determining outcome and response to
treatment. In addition, immune therapy is increasingly
employed in cancer treatment. High levels of lymphocyte
infiltration have been related to longer disease-free survival or
improved overall survival (OS) in multiple cancer types [178]
including early stage triple-negative and HER2-positive breast
cancer [179]. The spatial distribution of lymphocytes with
respect to tumor, tumor boundary and tumor associated stroma
are also important factors in cancer prognosis [180]. A variety
of recent efforts relies on deep learning algorithms to classify
TIL regions in H&E images. One recent effort targeted
characterization of TIL regions in lung cancer, while another,
carried out in the context of TCGA Pan Cancer Immune group,
looked across tumor types to correlate deep learning derived
spatial TIL patterns with molecular data and outcome. A 3™
study employed a structured crowd sourcing method to generate
tumor infiltrating lymphocyte maps [152], [181]. These studies
showed there are correlations between characterizations of TIL
patterns, as analyzed by computerized algorithms, and patient
survival rates and groupings of patients based on subclasses of
immunotypes. These studies demonstrate the value of whole
slide tissue imaging in producing quantitative evaluations of
sub-cellular data and opportunities for richer correlative
studies.

Although there has been some progress made in the
development of automated methods for assessing TMA images,
most of systems are limited by the fact that they are closed and
proprietary; do not exploit the potential of advanced computer
vision techniques; and/or do not conform with emerging data
standards. In addition to the significant analytical issues, the
sheer volume of data, text, and images arising from even limited
studies involving tissue microarrays pose significant
computational and data management challenges (see also
Section VI.B). Tumor expression of immune system-related
proteins may reveal the tumor immune status which in turn can
be used to determine the most appropriate choices for
immunotherapy. Objective evaluation of tumor biomarker
expression is needed but often challenging. For instance, human
leukocyte antigen (HLA) class I tumor epithelium expression is
difficult to quantify by eye due to its presence on both tumor
epithelial cells and tumor stromal cells, as well as tumor-
infiltrating immune cells [182].

To maximize the flexibility and utility of the computational
imaging tools that are being developed, it will be necessary to
address the challenge of batch affect, which arises due to the
fact that histopathology tissue slides from different institutions
show heterogeneous appearances as a result of differences in
tissue preparation and staining procedures. Prediction models
had been investigated as a means for reliably learning from one
domain to map into a new domain directly. This was
accomplished by introducing unsupervised domain adaptation
to transfer the discriminative knowledge obtained from the
source domain to the target domain without requiring re-
labeling images at the target domain [183]. This paper has
focused on analysis of Hematoxylin and Eosin (H&E) stained
tissue images. H&E is one of the main tissue stains and is most
commonly used stain in histopathology. Tissue specimens
taken from patients are routinely stained with H&E for
evaluation by pathologists for cancer diagnosis. There is a large
body of image analysis research that targets H&E stained tissue
as covered in this paper. In research and clinical settings other
types of staining and imaging techniques, such as fluorescence
microscopy and immunohistochemical techniques, are also
employed [184]-[185]. These staining techniques can be used
to boosting signal specific morphological features of tissue —
e.g., emphasizing proteins and macromolecules in cells and
tissue samples. An increasing number of histopathology
imaging projects are targeting methods for analysis of images
obtained from fluorescence microscopy and immunostaining
techniques (e.g., [186]-[192]).

VI. VISUALIZATION AND NAVIGATION

A. Biomedical 3D Reconstruction and Visualization

Three-dimensional (3D) reconstruction concerns the detailed
3D surface generation and visualization of specific anatomical
structures, such as arteries, vessels, organs, body parts and
abnormal morphologies e.g. tumors, lesions, injuries, scars and
cysts. It entails meshing and rendering techniques are used for
completing the seamless boundary surface, generating the
volumetric mesh, followed by smoothing and refinement. By
enabling precise position and orientation of the patient’s
anatomy, 3D visualization can contribute to the design of
aggressive surgery and radiotherapy strategies, with realistic
testing and verification, with extensive applications in spinal
surgery, joint replacement, neuro-interventions, as well as
coronary and aortic stenting [193]. Furthermore, 3D
reconstruction constitutes the necessary step towards
biomedical modeling of organs, dynamic functionality,
diffusion processes, hemodynamic flow and fluid dynamics in
arteries, as well as mechanical loads and properties of body
parts, tumors, lesions and vessels, such as wall / shear stress and
strain and tissue displacement [194].

In medical imaging applications with human tissues,
registration of slices must be performed in an elastic form [195].
To that respect, feature-based registration appears more suitable
in the case of vessels' contours and centerline [196], while the
intensity-based registration can be effectively used for image
slices depicting abnormal morphologies such as tumors [197].
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Fig. 2. In silico modelling paradigm of cardiovascular disease with
application to heart.

The selection of appropriate meshing and rendering techniques
highly depends on the imaging modality and the corresponding
tissue type. To this respect, Surface Rendering techniques are
exploited for the reconstruction of 3D boundaries and geometry
of arteries and vessels through the iso-contours extracted from
each slice of intravascular ultrasound or CT angiography.
Furthermore, NURBS are effectively used as a meshing
technique for generating and characterizing lumen and media-
adventitia surfaces of vascular geometric models, such as
aortic, carotid, cerebral and coronary arteries, deployed for the
reconstruction of aneurysms and atherosclerotic lesions [196],
[198]. The representation of solid tissues and masses, i.e.
tumors, organs and body parts, is widely performed by means
of Volume Rendering techniques, such as ray-casting, since
they are capable of visualizing the entire medical volume as a
compact structure but also with great transparency, even though
they might be derived from relatively low contrast image data.

The reconstruction process necessitates expert knowledge
and guidance. However, this is particularly time consuming and
hence not applicable in the analysis of larger numbers of
patient-specific cases. For those situations, automatic
segmentation and reconstruction systems are needed. The
biggest problem with automatic segmentation and 3D
reconstruction is the inability to fully automate the
segmentation process, because of different imaging modalities,
varying vessel geometries, and the quality of source images
[199]. Processing of large numbers of images require fast
algorithms for segmentation and reconstruction. There are
several ways to overcome this challenge such as parallel
algorithms for segmentation and application of neural networks
as discussed in Sections IV-V, the use of multiscale processing
techniques, as well as the use of multiple computer systems
where each system works on an image in real time.

B. Data Management, Visualization and Processing in Digital
Pathology

Digital pathology is an inherently interactive human-guided
activity. This includes labeling data for algorithm development,
visualization of images and features for tuning algorithms, as
well as explaining findings, and finally gearing systems towards
clinical applications. It requires interactive systems that can

query the underlying data and feature management systems, as
well as support interactive visualizations. Such interactivity is
a prerequisite to wide-scale adoption of digital pathology in
imaging informatics applications. There are a variety of open
source systems that support visualization, management, and
query of features, extracted from whole slide images along with
the generation of whole slide image annotations and markups.
One such system is the QulP software system [201]. QuIP is an
open-source system that uses the caMicroscope viewer [202] to
support the interactive visualization of images, image
annotations, and segmentation results as overlays of heatmaps
or polygons. QulP includes FeatureScape - a visual analytic tool
that supports interactive exploration of feature and
segmentation maps. Other open-source systems that carry out
these or related tasks are QuPath [203], the Pathology Image
Informatics Platform (PIIP) for visualization, analysis, and
management [204], the Digital Slide Archive (DSA) [205] and
Cytomine [206]. These platforms are designed for local
(QuPath, PIIP) or web-based (QulP, caMicroscope, DSA)
visualization, management and analysis of whole slide images.
New tools and methods are also being developed to support
knowledge representation and indexing of imaged specimens
based on advanced feature metrics. These metrics include
computational biomarkers with similarity indices that enable
rapid search and retrieval of similar regions of interest from
large datasets of images. Together, these technologies will
enable investigators to conduct high-throughput analysis of
tissue microarrays composed of large patient cohorts, store and
mine large data sets and generate and test hypotheses [200].
The processing of digital pathology images is a challenging
activity, in part due to the size of whole-slide images, but also
because of an abundance of image formats and the frequent
need for human guidance and intervention during processing.
There are some efforts towards the adoption of DICOM in
digital pathology, including the availability of tools such as the
Orthanc DICOMizer [207] that can convert a pyramidal tiled
tiff file into a DICOM pathology file. caMicroscope [202]
supports the visualization of DICOM pathology files over the
DICOMWeb API [208]. These efforts are few and far between,
and most solutions adopt libraries such as OpenSlide [209] or
Bio-Formats [210] to navigate the plethora of open and
proprietary scanner formats. Digital pathology algorithms work
well with high resolution images to extract detailed imaging
features from tissue data. Since digital pathology images can
grow to a few GBs, compressed, per-image, the local
processing of digital pathology images can be severely affected
by the computational capacity of an interactive workstation. In
such cases, some algorithms can work on regions of interest
(ROI) identified by a user or on lower-resolution, down-
sampled images. The growing popularity of containerization
technologies such as Docker [211] has opened a new
mechanism to distribute algorithms and pathology pipelines.
There is also growing interest in the use of cloud computing for
digital pathology, driven by the rapid decline in costs, making
them increasingly cost-effective solutions for large-scale
computing. A number of groups, predominantly in the
genomics community, have developed solutions for deploying
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genomic pipelines on the cloud [212]-[214]. QuIP includes
cloud-based pipelines for tumor infiltrating lymphocyte
analysis and nuclear segmentation. These are available as APIs
and deployed as containers as well as pipelines in workflow
definition language (WDL) using a cross-platform workflow
orchestrator, which supports multiple cloud and high
performance computing (HPC) platforms. The work in this area
is highly preliminary, but one that is likely to see widespread
adoption in the forthcoming years. Applications include
algorithm validation, deployment of algorithms in clinical
studies and clinical trials, and algorithm development
particularly in systems that employ transfer learning.

C. In Silico Modeling of Malignant Tumors

Applications of in-silico models evolve drastically in early
diagnosis and prognosis, with personalized therapy planning,
noninvasive and invasive interactive treatment, as well as
planning of pre-operative stages, chemotherapy and
radiotherapy (see Fig. 2). The potential of inferring reliable
predictions on the macroscopic tumor growth is of paramount
importance to the clinical practice, since the tumor progression
dynamics can be estimated under the effect of several factors
and the application of alternative therapeutic schemes. Several
mathematical and computational models have been developed
to investigate the mechanisms that govern cancer progression
and invasion, aiming to predict its future spatial and temporal
status with or without the effects of therapeutic strategies.

Recent efforts towards in silico modeling focus on multi-
compartment models for describing how subpopulations of
various cell types proliferate and diffuse, while they are
computationally efficient. Furthermore, multiscale approaches
link in space and time the interactions at different biological
levels, such as molecular, microscopic cellular and macroscopic
tumor scale [215]. Multi-compartment approaches can reflect
the macroscopic volume expansion while they reveal particular
tumor aspects, such as the spatial distributions of cellular
densities of different phenotypes taking into account tissue
heterogeneity and anisotropy issues, as well as the chemical
microenvironment with the available nutrients [216]. The
metabolic influence of oxygen, glucose and lactate is
incorporated in multi-compartment models of tumor spatio-
temporal evolution, enabling the formation of cell populations
with different metabolic profile, proliferation and diffusion
rates. Methodological limitations of such approaches relate
mainly to reduced ability of simulating specific cellular factors
(e.g. cell to cell adhesion) and subcellular-scale processes
[217], which play an important role in regulating cellular
behavior and determine tumor expansion/metastasis.

Recent trends in modeling seek to incorporate the
macroscopic tumor progress along with dynamic changes of
chemical ingredients (such as glucose, oxygen,
chemotherapeutic drugs, etc), but also the influence of
individual cell expressions resulting from the intracellular
signaling cascades and gene characteristics. Along this
direction, multiscale cancer models allow to link in space and
time the different biological scales affecting the macroscopic
tumor development. They facilitate model development in

precision medicine under the 3R principles of in vivo
experimentation related to replacement, reduction and
refinement [218] of experimentation on life samples. Distinct
spatial and temporal scales have been considered, such as the
subcellular scale of molecular pathways and gene expressions,
the microscopic-cellular level of individual cell’s behavior and
phenotypic properties, the microenvironmental scale of the
diffusing chemical ingredients, the tissue-multicellular extent
of different cell-regions and the macroscopic scale of the tumor
volume. The interconnection of the different levels is
considered great challenge of in-silico models, through
coupling of blood flow, angiogenesis, vascular remodeling,
nutrient transport and consumption, as well as movement
interactions between normal and cancer cells [219].

Despite the progress, challenging issues still remain in cancer
growth models. Important factors include the ability to simulate
tumor microenvironment, as well as cell-to-cell interactions, the
effectiveness of addressing body heterogeneity and anisotropy
issues with diffusion tensors, the potential of engaging the
dynamically changing metabolic profile of tumor, and the
ability of including interactions on cancer growth at
biomolecular level, considering gene mutations and
malignancy of endogenous receptors.

D.Digital Twins

In general, digital twin uses and applications benefit not only
from CAD reconstruction tools but also engage dynamic
modelling stemming from either theoretical developments or
real-life measurements merging the Internet of Things with
artificial intelligence and data analytics [220]-[221]. In this
form, the digital equivalent of a complex human functional
system enables the consideration of event dynamics, such as
tumour growth or information transfer in epilepsy network, as
well as a systemic response to therapy, such as response to
pharmacogenomics or targeted radiotherapy [222].

Since the digital twin can incorporate modelling at different
resolutions, from organ structure to cellular and genomic level,
it may enable complex simulations [223] with the use of Al
tools to integrate huge amounts of data and knowledge aiming
at improved diagnostics and therapeutic treatments, without
harming the patient. Furthermore, such a twin can also act as a
framework to support human-machine collaboration in testing
and simulating complex invasive operations without even
engaging the patient.

VII. INTEGRATIVE ANALYTICS

A. Medical Imaging in the Era of Precision Medicine

Radiologists and pathologists are routinely called upon to
evaluate and interpret a range of macroscopic and microscopic
images to render diagnoses and to engage in a wide range of
research activities. The assessments that are made ultimately
lead to clinical decisions that determine how patients are treated
and predict outcomes. Precision medicine is an emerging
approach for administering healthcare that aims to improve the
accuracy with which clinical decisions are rendered towards
improving the delivery of personalized treatment and therapy
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Fig. 3. Radiogenomics System Diagram: An abstract system diagram demonstrating the use of radiogenomics approaches in the context of precision medicine
[68]. Based on the clinical case, (multi-modal) image acquisition is performed. Then, manual and/or automatic segmentation of the diagnostic regions of
interest follows, driving quantitative and/or qualitative radiomic features extraction and machine learning approaches for segmentation, classification and
inference. Alternatively, emerging deep learning methods using raw pixel intensities can be used for the same purpose. Radiogenomics approaches investigate
the relationships between imaging and genomic features and how radiomics and genomics signatures, when processed jointly, can better describe clinical
outcomes. On the other hand, radiomics research is focused on characterizing the relationship between quantitative imaging and clinical features.

planning for patients as depicted in Fig. 3 [67]. In that context,
physicians have become increasingly reliant upon sophisticated
molecular and genomic tests, which can augment standard
pathology and radiology practices in order to refine
stratification of patient populations and manage individual care.
Recent advances in computational imaging, clinical genomics
and high-performance computing now make it possible to
consider multiple combinations of clinico-pathologic data
points, simultaneously. Such advances provide unparalleled
insight regarding the underlying mechanisms of disease
progression and could be used to develop a new generation of
diagnostic and prognostic metrics and tools. From a medical
imaging perspective, radiogenomics paradigm integrates afore-
described objectives towards advancing precision medicine.

B. Radiogenomics for Integrative Analytics

Radiomics research has emerged as a non-invasive approach
of significant prognostic value [224]. Through the construction
of imaging signatures (i.c., fusing shape, texture, morphology,
intensity, etc., features) and their subsequent association to
clinical outcomes, devising robust predictive models (or
quantitative imaging biomarkers) is achieved [225].
Incorporating longitudinal and multi-modality radiology and
pathology (see also Section VII.C) image features further
enhances the discriminatory power of these models. A dense
literature demonstrates the potentially transforming impact of
radiomics for different disease staging such as cancer,
neurodegenerative, and cardiovascular diseases [224]-[228].
Going one-step further, radiogenomics methods extend
radiomics approaches by investigating the correlation between,
for example, a tumor’s characteristics in terms of quantitative

imaging features and its molecular and genetic profiling [68]. A
schematic representation of radiomic and radiogenomics
approaches appears in Fig. 3.

During the transformation from a benign to malignant state
and throughout the course of disease progression, changes
occur in the underlying molecular, histologic and protein
expression patterns, with each contributing a different
perspective and complementary strength. Clearly then, the
objective is to generate surrogate imaging biomarkers
connecting cancer phenotypes to genotypes, providing a
powerful and yet non-invasive prognostic and diagnostic tool in
the hands of physicians. At the same time, the joint
development of radiogenomic signatures, involves the
integrated mining of both imaging and -omics features, towards
constructing robust predictive models that better correlate and
describe clinical outcomes, as compared with imaging,
genomics or histopathology alone [68].

The advent of radiogenomics research is closely aligned with
associated advances in inter- and multi- institutional
collaboration and the establishment of well curated, FAIR-
driven repositories that encompass the substantial amount of
semantically annotated (big) data, underpinning precision
medicine (see Section IIT). Such example is the TCIA and the
TCGA repositories, which provide matched imaging, genetic
and clinical data for over 20 different cancer types. Importantly,
these data further facilitate consensus ratings on radiology
images (e.g., MRI) of expert radiologists to alleviate
inconsistencies that often arise due to subjective impressions
and inter- and intra-observer variability [229]. Moreover,
driven by the observation that objectivity and reproducibility
improve when conclusions are based upon computer-assisted
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decision support [230]-[233], research initiatives from TCIA
groups attempt to formalize methodological processes thus
accommodating extensibility and explainability.

1) The TCIA/ TCGA initiatives paradigm

The breast and glioma phenotype groups in TCIA,
investigating breast invasive carcinoma (BRCA) and
glioblastoma (GBM) and lower grade glioma (LGG),
respectively, are examples of such initiatives. In this sequence,
the breast phenotype group defined a total of 38 radiomics
features driving reproducible radiogenomics research
hypothesis testing [234]. Stemming from TI1-weighted
Dynamic Contrast Enhancement (DCE) MRI, radiomics
features are classified into six phenotype categories, namely: (i)
size (4), (i1) shape (3), (iii) morphology (3), (iv) enhancement
texture (14), (v) kinetic curve (10), and (vi) enhancement-
variance kinetics (4). Likewise, the glioma phenotype group
relies on the VASARI feature set to subjectively interpret MRI
visual cues. VASARI is a reference consensus schema
composed of 30 descriptive features classified with respect to
(1) non-enhanced tumor, (ii) contrast-enhanced tumor, (iii)
necrosis, and (iv) edema. VASARI is widely used in
corresponding radiogenomics studies driving the quantitative
imaging analysis from a clinical perspective [235]. In terms of
genetic analysis, features are extracted from the TCGA website,
using enabling software such as the TCGA-Assembler.

Breast phenotype group studies documented significant
associations between specific radiomics features (e.g., size and
enhancement texture) and breast tumor staging. Moreover, they
performed relatively well in predicting clinical receptor status,
multigene assay recurrence scores (poor vs good prognosis),
and molecular subtyping. Imaging phenotypes where further
associated with miRNA and protein expressions [236]-[239].

At the same time, hypothesis testing in glioma phenotype
group verified the significant association between certain
radiomic and genomic features with respect to overall and
progression free survival, while joint radiogenomic signatures
were found to increase the predictive ability of generated
models. Importantly, imaging features were linked to molecular
GBM subtype classification (based on Verhaak and/ or Philips
classification) providing for non-invasive prognosis [68], [240].
2) Deep Learning based Radiogenomics

While still at its infancy, relying mostly on transfer learning
approaches, deep learning methods are projected to expand and
transform radiomics and radiogenomics research. Indicative
studies focusing on cancer research involve discriminating
between Luminal A and other molecular subtypes for breast
cancer [241], predicting bladder cancer treatment response
[242], IDH1 mutation status for LGG [243], [244], and MGMT
methylation status for GBM [245], as well as predicting overall
survival for GBM patients [246] and non-disease specific
subjects [247].

C. Integrative Analytics in Digital Pathology

Recently, the scope of image-based investigations has
expanded to include synthesis of results from pathology images,
genome information and correlated clinical information. For
example a recent set of experiments utilized 86 breast cancer
cases from the Genomics Data Commons (GDC) repository to
demonstrate that using a combination of image- based and
genomic features served to improve classification accuracy

significantly [248]. Other work demonstrated the potential of
utilizing a combination of genomic and computational imaging
signatures to characterize prostate cancer. The results of the
study show that integrating image biomarkers from CNN with
a recurrence network model, called long short-term memory
LSTM and genomic pathway scores, is more strongly correlated
with a patient’s recurrence of disease as compared to using
standard clinical markers and image-based texture features
[249]. An important computational issue is how to effectively
integrate the omics data with digitized pathology images for
biomedical research. Multiple statistical and machine learning
methods have been applied for this purpose including
consensus clustering [250], linear classifier [251], LASSO
regression modeling [252], and deep learning [253]. These
methods have been applied to studies on cancers, including
breast [250], lung [252], and colorectal [253]. The studies not
only demonstrated that integration of morphological features
extracted from digitized pathology images and -omics data can
improve the accuracy of prognosis but also provided insights on
the molecular basis of cancer cell and tissue organizations. For
instance, Yuan et al [251] showed that morphological
information on TILs combined with gene expression data can
significantly improve prognosis prediction for ER-negative
breast cancers while the distribution patterns for TILs and the
related genomics information are characterized for multiple
cancers in [152]. These works led to new directions on
integrative genomics for both precision medicine and biological
hypothesis generation.

As an extension of the work that is already underway using
multi-modal combinations of image and genomic signatures to
help support the classification of pathology specimens, there
have been renewed efforts to develop reliable, content-based
retrieval (CBR) strategies. These strategies aim to
automatically search through large reference libraries of
pathology samples to identify previously analyzed lesions
which exhibit the most similar characteristics to a given query
case. They also support systematic comparisons of tumors
within and across patient populations while facilitating future
selection of appropriate patient cohorts. One of the advantages
of CBR systems over traditional classifier-based systems is that
they enable investigators to interrogate data while visualizing
the most relevant profiles [254]. However, CBR systems have
to deal with very large and high-dimensional datasets, the
complexity of which can easily render simple feature
concatenation inefficient and insufficiently robust. It is often
desirable to utilize hashing techniques to encode the high-
dimensional feature vectors extracted from computational
imaging signatures and genomic profiles so that they can be
encapsulated into short binary vectors, respectively. Hashing-
based retrieval approaches are gaining popularity in the medical
imaging community due to their exceptional efficiency and
scalability [255].

VIII. CONCLUDING REMARKS & FUTURE DIRECTIONS

Medical imaging informatics has been driving clinical research,
translation, and practice for over three decades. Advances in
associate research branches highlighted in this study promise to
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TABLE III. AI-BASED MEDICAL IMAGING SYSTEMS WITH FDA-APPROVAL

Software Company Imaging Data Description
SubtlePET/ SubtleMR Subt'le PET/ MRI Enhancement of PET/MR images
subtlemedical.com
LungAl Arterys Lung CT . .
LiverAl WwwW.arterys.com Liver CT, MRI Segmentation of lesions and nodules
AmCad BioMed . . o
AmCAD-UT Thyroid ultrasound Characterisation and assessment of thyroid tissue
www.amcad.com.tw
IDx-DR IDX . Retinal F eedba(fk on image quality, and
www.eyediagnosis.co instructions for patient follow-up or referral
icobrain . Icome;trlx Brain MRI, CT Interpretation of CT and MRI brain images
icometrix.com
OsteoDetect Imagen . Wrist X-ray Detection of distal radius fracture
www.lify.io
All Zebra Medical Vision CT, X-ray of various diseases | Detection and quantification of abnormalities
www.zebra-med.com
Aidoc Aidoc . . . .
Head/Chest/Spine/Abdomen www aidoe.com Radiology images Detection of acute abnormalities across the body
ProFound Al .ICAD 2D mammograms Detection of malignancies and calcifications
www.icadmed.com
Transpara Screen.Pomt Medlcal 2D and 3D mammograms Detection and likelihood of cancer
screenpoint-medical.com
.. MaxIQ Al L . .
Accipio htp:// ' maxd.ai/ Head CT Triaging of intracranial haemorrhage
Paige Al Paige . . . . ..
hitps://paice.ai/ Digital slides Diagnosis for digital pathology

US: Ultrasound; MRI: Magnetic Resonance Imaging; CT: Computed Tomography; PET: Positron Emission Tomography.

revolutionize imaging informatics as known today across the
healthcare continuum enabling informed, more accurate
diagnosis, timely prognosis, and effective treatment planning.
Among Al-based research-driven approaches that have
obtained approval from the Food and Drug Administration
(FDA), a significant percentage involves medical imaging
informatics [256]. FDA is the US official regulator of medical
devices and more recently software-as-a-medical-device
(SAMD) [257]. These solutions rely on machine- or deep-
learning methodologies that perform various image analysis
tasks, such as image enhancement (e.g. SubtlePET/MR, IDx-
DR), segmentation and detection of abnormalities (e.g.
Lung/LiverAl, OsteoDetect, Profound Al), as well as
estimation of likelihood of malignancy (e.g. Transpara).
Radiology images are mostly addressed in these FDA-approved
applications, and, to a lower degree, digital pathology images
(e.g. Paige Al). Table III summarizes existing FDA-approved
Al-based solutions. We expect significant growth in systems
obtaining FDA-approval these numbers in the near future.

Hardware breakthroughs in medical image acquisition
facilitate high-throughput and high-resolution images across
imaging modalities at unprecedented performance and lower
induced radiation. Already deep in the big medical data era,
imaging data availability is only expected to grow,
complemented by massive amounts of associated data-rich
EMR/ EHR, -omics, and physiological data, climbing to orders
of magnitude higher than what is available today. As such, the
research community is struggling to harness the full potential of
the wealth of data that are now available at the individual
patient level underpinning precision medicine.

Keeping up with storage, sharing, and processing while
preserving privacy and anonymity [258], [259], has pushed
boundaries in traditional means of doing research. Driven by
the overarching goal of discovering actionable information,
afore-described challenges have triggered new paradigms in an

effort to standardize involved workflows and processes towards
accelerating new knowledge discovery. Such initiatives include
multi-institutional collaboration with extended research teams’
formation, open-access datasets encompassing well-annotated
(extensible) large-cohorts, and reproducible and explainable
research studies with analysis results augmenting existing data.

Imaging researchers are also faced with challenges in data
management, indexing, query and analysis of digital pathology
data. One of the main challenges is how to manage relatively
large-scale, multi-dimensional data sets that will continue to
expand over time since it is unreasonable to exhaustively
compare the query data with each sample in a high-dimensional
database due to practical storage and computational bottlenecks
[255]. The second challenge is how to reliably interrogate the
characteristics of data originating from multiple modalities.

In that sequence, data analytics approaches have allowed the
automatic identification of anatomical areas of interest as well
as the description of physiological phenomena, towards in-
depth understanding of regional tissue physiology and
pathophysiology. Deep learning methods are currently
dominating new research endeavours. Undoubtedly, research in
deep learning applications and methods is expected to grow,
especially in in view of documented advances across the
spectrum of healthcare data, including EHR [260], genomic
[261], [262], physiological parameters [263], and natural
language data processing [264]. Beyond the initial hype, deep
learning models managed in a short time to optimize critical
issues pertaining to methods generalization, overfitting,
complexity, reproducibility and domain dependence.

However, the primary attribute behind deep learning success
has been the unprecedented accuracy in classification,
segmentation, and image synthesis performance, consistently,
across imaging modalities, and for a wide range of applications.

Toward this direction, transfer learning approaches and
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uptake in popular frameworks supported by a substantial
community base has been catalytic. In fact, fine-tuning and
feature extraction transfer learning approaches as well as
inference using pre-trained networks can be now invoked as
would any typical programming function, widening the deep
learning research base and hence adoption in new applications.

Yet, challenges remain, calling for breakthroughs ranging
from explainable artificial intelligence methods leveraging
advanced reasoning and 3D reconstruction and visualization, to
exploiting the intersection and merits of traditional (shallow)
machine learning techniques performance and deep learning
methods accuracy, and most importantly, facilitating clinical
translation by overcoming generalization weaknesses induced
by different populations. The latter potentially being due to
training with small datasets.

At the same time, we should highlight a key difference in the
medical domain. Deep learning-based computer vision tasks
have been developed on “enormous” data of natural images that
go beyond ImageNet (see for example the efforts of Google,
and Facebook). This paradigm is rather worrying as in the
medical domain matching that size is not readily possible.
While in medicine we can still benefit from advances in transfer
learning methods and computational efficiency [265], [266] in
the future we have to consider how can we devise methods that
rely on fewer data to train that can still generalize well. From
an infrastructure perspective, computational capabilities of
exascale computing driven by ongoing deep learning initiatives,
such as the CANDLE initiative, project revolutionary solutions
[267].

Emerging radiogenomics paradigms are concerned with
developing integrative analytics approaches, in an attempt to
facilitate new knowledge harvesting extracted from analysing
heterogeneous (non-imaging), multi-level data, jointly with
imaging data. In that sequence, new insights with respect to
disease aetiology, progression, and treatment efficacy can be
generated. Toward this direction, integrative analytics
approaches are systematically considered for in-silico
modelling applications, where biological processes guiding, for
example, a tumour expansion and metastasis, need to be
modelled in a precise and computationally efficient manner. For
that purpose, investigating the association between imaging and
-omics features is of paramount importance towards
constructing advanced multi-compartment models that will be
able to accurately portray proliferation and diffusion of various
cell types’ subpopulations.

In conclusion, medical imaging informatics advances are
projected to elevate the quality of care levels witnessed today,
once innovative solutions along the lines of selected research
endeavors presented in this study are adopted in clinical
practice, and thus potentially transforming precision medicine.

IX. REFERENCES

[1] CA Kulikowski, Medical imaging informatics: challenges of definition
and integration. J. Am. Med. Inform. Assoc.,4:252-3,1997.

[2] AA Bui, RK Taira, Medical imaging informatics, Springer, 2010.

[3] Society for Imaging Informatics in Medicine Web site. ‘‘Imaging
Informatics’’ page. Av.: http://www.siimweb.org/index.cfm?id5324.

[4] American Board of Imaging Informatics [Online]. Available:

https://www.abii.org/.

[5] W.Hsu, MK Markey, MD Wang, Biomedical imaging informatics in the
era of precision medicine: progress, challenges, and opportunities, J. Am.
Med. Inform. Assoc.,20:1010-1013,2013.

[6] A. Giardino ef al., Role of Imaging in the Era of Precision Medicine,
Academic Radiology, 24:5, 639 — 649, 2017.

[71 C. Chennubhotla et al., “An Assessment of Imaging Informatics for
Precision Medicine in Cancer,” Yearbook of medical informatics, 26:01,
110-119, 2017.

[8] R. M. Rangayyan, “Biomedical image analysis,” Boca Raton, FL: CRC
press, 2004.

[91 J. T. Bushberg et al., “The essential physics of medical imaging,”
Philadelphia, PA: Lippincott Williams & Wilkins, 2011.

[10] F. Pfeiffer et al., “Phase retrieval and differential phase-contrast imaging
with low-brilliance X-ray sources,” Nat. Phys., vol. 2, no. 4, p. 258, 2006.

[11] A. Webb and G. C. Kagadis, “Introduction to biomedical imaging,”
Medical Physics, vol. 30, no. 8, pp. 2267-2267, 2003.

[12]P. Frinking, et al., "Ultrasound contrast imaging: current and new potential
methods," Ultrasound in Medicine & Biology, vol. 26, no. 6, pp. 965-975,
2000.

[13] J. Bercoff et al., “In vivo breast tumor detection using transient
elastography,” Ultrasound Med. Biol., vol. 29 (10), pp. 1387-1396, 2003.

[14] A. Fenster et al., “Threedimensional ultrasound imaging,” Physics in
Medicine & Biology, vol. 46, no. 5, p. R67,2001.

[15] R. W.Brown et al., “Magnetic resonance imaging: physical principles and
sequence design,” New York: Wiley-Liss, 1999.

[16] T. H. Berquist, MRI of the musculoskeletal system. Philadelphia, PA:
Lippincott Williams & Wilkins, 2012.

[17] M. Markl et al., “4D flow MRL,” Journal of Magnetic Resonance
Imaging, vol. 36, no. 5, pp. 1015-1036, 2012.

[18] B. Biswal et al., “Functional connectivity in the motor cortex of resting
human brain using echo-planar MRL,” Magnetic Resonance in Medicine,
vol. 34, no. 4, pp. 537-541, 1995.

[19] P. J. Basser, J. Mattiello, and D. LeBihan, "MR diffusion tensor
spectroscopy and imaging," Biophysical Journal, vol. 66, no. 1, pp. 259-
267, 1994.

[20] S. K. Venkatesh, M. Yin, and R. L. Ehman, “Magnetic Resonance
Elastography of liver: Technique, analysis, and clinical applications,” J.
Magn. Reson. Imaging, vol. 37, no. 3, pp. 544-555, 2013.

[21] M. Negahdar, M. Kadbi, M. Kendrick, M. F. Stoddard, and A. A. Amini,
“4D spiral imaging of flows in stenotic phantoms and subjects with aortic
stenosis,” Magn. Reson. Med., vol. 75, no. 3, pp. 1018-1029, 2016.

[22] K. L. Wright et al., “Non-Cartesian parallel imaging reconstruction,” J.
Magn. Reson. Med., vol. 40, no. 5, pp. 1022—-1040, 2014.

[23] R. Otazo et al., “Combination of compressed sensing and parallel imaging
for highly accelerated first-pass cardiac perfusion MRL,” Magn. Reson.
Med., vol. 64, no. 3, pp. 767-776, 2010.

[24] “International Market Ventures Scientific Market Reports.” [Online]
Available: https://imvinfo.com. [Accessed: Nov. 16, 2018].

[25] J. Hsieh, Computed tomography: principles, design, artifacts, and recent
advances. Bellingham, WA: SPIE, 2009.

[26] S. Halliburton et al., “State-of-the-art in CT hardware and scan modes for
cardiovascular CT,” Journal of Cardiovascular Computed Tomography,
vol. 6, no. 3, pp. 154-163, 2012.

[27] A.C. Silva et al., “Dual-energy (spectral) CT: Applications in abdominal
imaging,” Radiographics, vol. 31, no. 4, pp. 1031-1046, 2011.

[28] T. Beyer et al., “A combined PET/CT scanner for clinical oncology,”
Journal of Nuclear Medicine, vol. 41, no. 8, pp. 1369-1379, 2000.

[29] D. A. Torigian et al., “PET/MR imaging: Technical aspects and potential
clinical applications,” Radiology, vol. 267, no. 1, pp. 26-44, 2013.

[30] S. Surti, “Update on time-of-flight PET imaging,” Journal of Nuclear
Medicine: Official publication, Society of Nuclear Medicine, vol. 56, no.
1, pp. 98-105, 2015.

[31] K. Sirinukunwattana et al., “Locality sensitive deep learning for detection
and classification of nuclei in routine colon cancer histology images,”
IEEE Trans. Med. Imag., vol. 35, no. 5, pp. 1196-1206, 2016.

[32] U. Kubitscheck, Fluorescence microscopy: From principles to biological
applications. Hoboken, NJ: John Wiley & Sons, 2017.

[33] K. Svoboda, and R. Yasuda, "Principles of two-photon excitation
microscopy and its applications to neuroscience," Neuron, vol. 50, no. 6,
pp. 823-839, 2006.

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/.



This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/JBHI.2020.2991043, IEEE Journal of

> REPLACE THIS LINE WITH YOUR PAPER IDENTIFICATION NUMBER (DOUBLE-CLICK HERE TO EDIT) <

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

(48]

[49]

[50]

[51]

[52]
[53]

[54]

[55]

[56]

[57]

Biomedical and Health Informatics

K. Hayakawa, et al., "Transfer of mitochondria from astrocytes to neurons
after stroke," Nature, vol. 535, no. 7613, pp. 551, 2016.

1. Pavlova, et al., "Understanding the biological basis of autofluorescence
imaging for oral cancer detection: high-resolution fluorescence
microscopy in viable tissue," Clinical Cancer Research, vol. 14, no. 8, pp.
2396-2404, 2008.

D.L. Rimm ef al., ‘Tissue microarray: a new technology for amplification
of tissue resources’, Cancer Journal, vol. 7, no. 1, pp. 24-31, 2001.

M.D. Zarella et al., "A practical guide to whole slide imaging: A White
paper from the digital pathology association," Archives of pathology
laboratory medicine, vol. 143, no. 2, pp. 222-234, 2018.

G. J. Tearney, et al.,, "In vivo endoscopic optical biopsy with optical
coherence tomography." Science, vol. 276, no. 5321, pp. 2037-2039,
1997.

G. Lu, and B. Fei. "Medical hyperspectral imaging: a review." Journal of
Biomedical Optics, vol. 19, no. 1, pp. 010901, 2014.

A. A. Amini and J. L. Prince, Eds., “Measurement of cardiac deformations
from MRI: physical and mathematical models,” Vol. 23. Springer Science
& Business Media, 2013.

S.J. Winkler e al., “The Harvard Catalyst Common Reciprocal IRB
Reliance Agreement: An Innovative Approach to Multisite IRB Review
and Oversight,” Clinical and Translational Science. 2015;8(1):57-66. doi:
10.1111/cts.12202.

G. M. Weber et al., “The Shared Health Research Information Network
(SHRINE): A Prototype Federated Query Tool for Clinical Data
Repositories,” Journal of the American Medical Informatics Association,
2009;16(5):624-30. doi: 10.1197/jamia.M3191.

C. G. Chute e al,, “The Enterprise Data Trust at Mayo Clinic: a
semantically integrated warehouse of biomedical data,” Journal of the
American Medical Informatics Association, 2010;17(2):131-5. doi:
10.1136/jamia.2009.002691.

R. S. Evans et al., “Clinical use of an enterprise data warehouse,” AMIA
Annual Symposium proceedings, Chicago, IL. November, 2012:189-98.
S. L. MacKenzie et al., “Practices and perspectives on building integrated
data repositories: results from a 2010 CTSA survey,” Journal of the
American Medical Informatics Association, 2012;19(el):e119-¢24. doi:
10.1136/amiajnl-2011-000508.

L. Pantanowitz, A. Sharma, A.B. Carter, T. Kurc, A. Sussman, J. Saltz,
"Twenty years of digital pathology: An overview of the road travelled,
what is on the horizon, and the emergence of vendor-neutral archives,"
Journal of Pathology Informatics 9,2018.

C. S. Mayo et al., "The big data effort in radiation oncology: Data mining
or data farming?," Advances in radiation oncology, vol. 1, no. 4, pp. 260-
271, 2016.

A. S. Panayides, M. S. Pattichis, M. Pantziaris, A. G. Constantinides and
C. S. Pattichis, "The Battle of the Video Codecs in the Healthcare Domain
- A Comparative Performance Evaluation Study Leveraging VVC and
AV1," in I[EEE Access, vol. 8, pp. 11469-11481, 2020.
Integrating  the  Healthcare  Enterprise,  Available
https://www.ihe.net/, Last Accessed Feb. 2018.

V. Pezoulas, T. Exarchos, and D. 1. Fotiadis. Medical Data Sharing,
Harmonization and Analytics. Academic Press, 2020.

Z. Zhang and E. Sejdic, “Radiological images and machine learning:
trends, perspectives and prospects,” Comput Biol Med, vol. 108, pp. 354-
370, 2019.

M.D. Wilkinson et al., "The FAIR Guiding Principles for scientific data
management and stewardship." Scientific data 3,2016.

B.C.M Fung et al.,”Privacy-preserving data publishing: a survey of recent
developments”, ACM Comput. Surv., vol. 42, no. 4, pp. 14:1-14:53,2010.
A. Aristodimou, A. Antoniades, and C.S. Pattichis, “Privacy preserving
data publishing of categorical data through k-anonymity and feature
selection,” Healthcare technology letters, vol. 3, no. 1, pp.16-21, 2016.
P. Samarati and L. Sweeney, “Generalizing data to provide anonymity
when disclosing information,” Principles of Database Systems (PODS),
vol. 98, p. 188, 1998.

P. Samarati and L. Sweeney, ‘“Protecting privacy when disclosing
information: k-anonymity and its enforcement through generalization and
suppression,” Tech. rep., Technical report, SRI International, 1998.

A. Machanavajjhala et al., “L-diversity: Privacy beyond k-
anonymity,” ACM Transactions on Knowledge Discovery from Data
(TKDD), vol. 1, no. 1, pp. 3-es, 2007.

Online:

[58]

[59]

[60]

[61]
[62]
[63]

[64]

[65]

[66]

[67]

[68]

[69]
[70]
(711

[72]

(73]

[74]

[75]

[76

[}

[77]

(78]

[79]

[80]

[81]

17

N. Li, T. Li and S. Venkatasubramanian, "t-Closeness: Privacy Beyond k-
Anonymity and I-Diversity," 2007 IEEE 23rd International Conference
on Data Engineering, Istanbul, 2007, pp. 106-115.

A. Holzinger et al., “What do we need to build explainable Al systems for
the medical domain?,” arXiv preprint arXiv:1712.09923, Dec. 2017.

A. Suinesiaputra et al., "Big Heart Data: Advancing Health Informatics
Through Data Sharing in Cardiovascular Imaging," in /[EEE J. Biomed.
Health Inform., vol. 19, no. 4, pp. 1283-1290, July 2015

Quantitative Imaging Biomarker Alliance (QIBA) [Online]. Available:
https://www.rsna.org/research/quantitative-imaging-biomarkers-alliance/
Image Biomarker Standardisation Initiative (IBSI) [Online]. Available:
https://theibsi.github.io/.

A. Zwanenburg et al., “Image biomarker standardisation initiative,” arXiv
preprint arXiv:1612.07003, 2016.

A. Zwanenburg et al., “The Image Biomarker Standardization Initiative:
standardized quantitative radiomics for high-throughput image-based
phenotyping,” Radiology, p. 191145, 2020.

D. C. Sullivan et al.,”Metrology standards for quantitative imaging
biomarkers,” Radiology 277, no. 3, pp. 813-825, 2015.

D. L. Raunig et al., “Quantitative imaging biomarkers: a review of
statistical methods for technical performance assessment,” Statistical
methods in medical research 24, no. 1, pp. 27-67, 2015.

C. S. Pattichis et al., "Guest Editorial on the Special Issue on Integrating
Informatics and Technology for Precision Medicine," in /EEE J. Biomed.
Health Inform., vol. 23, no. 1, pp. 12-13, Jan. 2019.

A. S. Panayides et al., "Radiogenomics for Precision Medicine With A
Big Data Analytics Perspective," in /[EEE J. Biomed. Health Inform., vol.
23, no. 5, pp. 2063-2079, Sept. 2019.

G. Litjens et al., "A survey on deep learning in medical image analysis,"
in Medical image analysis, vol. 42, pp. 60-88, Dec. 2017.

D. Shen, G. Wu, and HI. Suk, "Deep learning in medical image analysis,"
Annual review of biomedical engineering, pp. 221-248, Jun. 2017.

S. Masood et al., "A survey on medical image segmentation," Current
Medical Imaging Reviews, pp. 3-14, 2015.

K. P. Constantinou, I. Constantinou, C. S. Pattichis and M. Pattichis,
"Medical Image Analysis Using AM-FM Models and Methods," in IEEE
Reviews in Biomedical Engineering.

Y. Yuan and Y. Lo, "Improving Dermoscopic Image Segmentation with
Enhanced Convolutional-Deconvolutional Networks," in I[EEE J.
Biomed. Health Inform., vol. 23, no. 2, pp. 519-526, March 2019.

B. H. Menze et al., "The Multimodal Brain Tumor Image Segmentation
Benchmark (BRATS)," in [EEE Trans. Med. Imag., vol. 34, no. 10, pp.
1993-2024, Oct. 2015.

A. M. Mendrik ef al., "MRBrainS challenge: online evaluation framework
for brain image segmentation in 3T MRI scans," Computational
intelligence and neuroscience, p. 1, Jan. 2015.

A. Suinesiaputra et al., "A collaborative resource to build consensus for
automated left ventricular segmentation of cardiac MR images," Medical
image analysis, pp. 50-62, Jan. 2014.

B. Pontré et al., "An Open Benchmark Challenge for Motion Correction
of Myocardial Perfusion MRL" in /EEE J. Biomed. Health Inform., vol.
21, no. 5, pp. 1315-1326, Sept. 2017.

A. Suinesiaputra et al., "Statistical Shape Modeling of the Left Ventricle:
Myocardial Infarct Classification Challenge," in [EEE J. Biomed. Health,
vol. 22, no. 2, pp. 503-515, March 2018.

J. Almotiri, K. Elleithy, and A. Elleithy. "Retinal vessels segmentation
techniques and algorithms: a survey," Applied Sciences 8, no. 2, pp. 155,
2018.

A. Imran, J. Li, Y. Pei, J. Yang and Q. Wang, "Comparative Analysis of
Vessel Segmentation Techniques in Retinal Images," in /EEE Access, vol.
7, pp. 114862-114887, 2019.

0. Jimenez-del-Toro et al., "Cloud-Based Evaluation of Anatomical
Structure  Segmentation and Landmark Detection Algorithms:
VISCERAL Anatomy Benchmarks," in /[EEE Transactions on Medical
Imaging, vol. 35, no. 11, pp. 2459-2475, Nov. 2016.

A.L. Simpson et al., "A large annotated medical image dataset for the
development and evaluation of segmentation algorithms," arXiv preprint
arXiv:1902.09063, 2019.

[online] Available: https://grand-challenge.org/.

L. Maier-Hein et al, "BIAS: Transparent reporting of biomedical image
analysis challenges," arXiv preprint arXiv:1910.04071, 2019.

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/.



This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/JBHI.2020.2991043, IEEE Journal of

Biomedical and Health Informatics

> REPLACE THIS LINE WITH YOUR PAPER IDENTIFICATION NUMBER (DOUBLE-CLICK HERE TO EDIT) < 18

[85] J.E.Iglesias and M. R. Sabuncu, "Multi-atlas segmentation of biomedical
images: a survey," Medical image analysis, pp. 205-219, Aug. 2015.

[86] Y. Boykov and G. Funka-Lea, "Graph cuts and efficient ND image
segmentation," Int. J. Comput. Vis., pp. 109-131, Nov. 2006.

[87] T. F. Cootes et al., "Active shape models-their training and application,"
Computer vision and image understanding, pp. 38-59, Jan. 1995.

[88] A. Amini et al., “Using Dynamic Programming for Solving Variational
Problems in Vision,” IEEE T-PAMI, vol. 12, no. 9, pp. 855-867, 1990.

[89] J. Ashburner and K.J. Friston, “Voxel-based morphometry—the
methods,” Neuroimage 11, no. 6, pp. 805-821, 2000.

[90] M. Kass, A. Witkin, and D. Terzopoulos, "Snakes: Active contour
models," Int. J. Comput. Vis., vol. 1, no. 4, pp. 321-331, Jan. 1988.

[91] X. Zhou et al., "Sparse Representation for 3D Shape Estimation: A
Convex Relaxation Approach," in IEEE Trans. Pattern Anal. Mach.
Intell., vol. 39, no. 8, pp. 1648-1661, 1 Aug. 2017.

[92] A. C. Miiller and S. Guido, "Introduction to machine learning with
Python: a guide for data scientists," O'Reilly Media, Inc., 4™ Edition,
2018.

[93] S. Ghosh-Dastidar, H. Adeli and N. Dadmehr, "Principal Component
Analysis-Enhanced Cosine Radial Basis Function Neural Network for
Robust Epilepsy and Seizure Detection," in IEEE Transactions on
Biomedical Engineering, vol. 55, no. 2, pp. 512-518, Feb. 2008.

[94] C. W. Chen, J. Luo and K. J. Parker, "Image segmentation via adaptive
K-mean clustering and knowledge-based morphological operations with
biomedical applications," in IEEE Transactions on Image Processing,
vol. 7, no. 12, pp. 1673-1683, Dec. 1998.

[95] E. Ricci and R. Perfetti, "Retinal Blood Vessel Segmentation Using Line
Operators and Support Vector Classification," in /[EEE Trans. Med. Imag.,
vol. 26, no. 10, pp. 1357-1365, Oct. 2007.

[96] A. Criminisi, J. Shotton, and E. Konukoglu, "Decision forests: A unified
framework for classification, regression, density estimation, manifold
learning and semi-supervised learning," Foundations and Trends® in
Computer Graphics and Vision, vol. 7, no. 2-3, pp. 81-227, Mar. 2012.

[97] T.Zhuowen, "Probabilistic boosting-tree: learning discriminative models
for classification, recognition, and clustering," Tenth IEEE International
Conference on Computer Vision (ICCV'05) Volume 1, Beijing, 2005, pp.
1589-1596 Vol. 2.

[98] Y. LeCun, Y. Bengio, and G. Hinton, "Deep learning," Nature, vol 521,
no. 7553, pp. 436-444, May. 2015.

[99] H. Wang et al, “Mitosis detection in breast cancer pathology images by
combining handcrafted and convolutional neural network features,” J
Med Imaging, vol. 1. no. 3, pp. 034003, 2014.

[100]S. C. B. Lo et al., "Attificial convolution neural network techniques and
applications for lung nodule detection," in /EEE Trans. Med. Imag., vol.
14, no. 4, pp. 711-718, Dec. 1995.

[101]A. Krizhevsky, S. Ilya, and E. H. Geoffrey, "Imagenet classification with
deep convolutional neural networks." In Advances in neural information
processing systems, pp. 1097-1105, 2012.

[102]K. Kamnitsas et al., "Efficient multi-scale 3D CNN with fully connected
CREF for accurate brain lesion segmentation," Medical image analysis 36,
pp. 61-78,2017.

[103]J. Long, E. Shelhamer and T. Darrell, "Fully convolutional networks for
semantic segmentation," 2015 IEEE Conference on Computer Vision and
Pattern Recognition (CVPR), Boston, MA, 2015, pp. 3431-3440.

[104]0. Ronneberger, P. Fischer, and T Brox, “U-Net: Convolutional Networks
for Biomedical Image Segmentation,” In: Navab N., Hornegger J., Wells
W., Frangi A. (eds) Medical Image Computing and Computer-Assisted
Intervention — MICCAI 2015. MICCAI 2015. Lecture Notes in Computer
Science, vol. 9351. Springer, Cham, 2015.

[105]10. Cigek et al., “3D U-Net: Learning Dense Volumetric Segmentation
from Sparse Annotation,” in Medical Image Computing and Computer-
Assisted Intervention — MICCAI 2016, Springer International Publishing,
2016, pp. 424-432.

[106]1. Goodfellow et al., “Generative adversarial nets,” in Advances in Neural
Information Processing Systems 27, Montreal, Quebec, Canada, 2014, pp.
2672-2680.

[107]). Zhu et al., "Unpaired Image-to-Image Translation Using Cycle-
Consistent Adversarial Networks," 2017 IEEE International Conference
on Computer Vision (ICCV), Venice, 2017, pp. 2242-2251.

[108] A. Chartsias, T. Joyce, R. Dharmakumar, and S. A. Tsaftaris, “Adversarial
Image Synthesis for Unpaired Multi-modal Cardiac Data,” in Simulation

and Synthesis in Medical Imaging, Springer International Publishing,
Cham, 2017, pp. 3—13.

[109]J. M. Wolterink et al., “Deep MR to CT Synthesis Using Unpaired Data,”
in Simulation and Synthesis in Medical Imaging, Springer International
Publishing, Cham, 2017, pp. 14-23.

[110]V. Cheplygina, M. de Bruijne, J.P.W. Pluim, "Not-so-supervised: a
survey of semi-supervised, multi-instance, and transfer learning in
medical image analysis," in arXiv preprint arXiv:1804.06353, Apr. 2018.

[I11]JA. V. Dalca, J. Guttag and M. R. Sabuncu, "Anatomical Priors in
Convolutional Networks for Unsupervised Biomedical Segmentation,"
2018 [EEE/CVF Conference on Computer Vision and Pattern
Recognition, Salt Lake City, UT, 2018, pp. 9290-9299.

[112]A. Chartsias et al., “Factorised Spatial Representation Learning:
Application in Semi-supervised Myocardial Segmentation,” in Medical
Image Computing and Computer Assisted Intervention, Springer
International Publishing, 2018, pp. 490-498.

[113]S. A. A. Kohl et al, “A Probabilistic U-Net for Segmentation of
Ambiguous Images”, Thirty-second Conference on Neural Information
Processing Systems, Montreal, CA, 2018.

[114]J. 7. Titano et al., "Automated deep-neural-network surveillance of cranial
images for acute neurologic events," Nature medicine, vol. 24, no. 9, pp.
1337-1341, Sep. 2018.

[115]M. D. Abramoff et al, "Pivotal trial of an autonomous Al-based
diagnostic system for detection of diabetic retinopathy in primary care
offices," npj Digital Medicine, vol. 1, no. 1, p. 39, Aug. 2018.

[116]H. A. Haenssle et al., ""Man against machine: diagnostic performance of
a deep learning convolutional neural network for dermoscopic melanoma
recognition in comparison to 58 dermatologists," Annals of Oncology, pp.
1836-1842, May 2018.

[117]0O. Russakovsky et al, “ImageNet large scale visual recognition
challenge,” Int. J. Comput. Vis. (IJCV), vol. 115, no. 3, pp. 211-252,
2015.

[118]H.-C. Shin et al., “Deep convolutional neural networks for computer-
aided detection: CNN architectures, dataset characteristics and transfer
learning,” IEEE Trans. Med. Imag., vol. 35, no. 5, pp. 1285-1298, May
2016.

[119]Y. Bar, L. Diamant, L. Wolf, and H. Greenspan, “Deep learning with non-
medical training used for chest pathology identification,” Proc.SPIE Med.
Imag. Computer-Aided Diagnosis, vol. 9414, 2015.

[120]N. Tajbakhsh et al., “Convolutional neural networks for medical image
analysis: Full training or fine tuning?” IEEE Trans. Med. Imag., vol. 35,
no. 5, pp. 1299-1312, May 2016.

[121]S.M. McKinney, et al., "International evaluation of an Al system for
breast cancer screening," Nature, vol. 577, pp. 89-94, 2020.

[122]Q. Dou et al., “Automatic detection of cerebral microbleeds from MR
images via 3D convolutional neural networks,” IEEE Trans. Med. Imag.,
vol. 35, no. 5, pp. 1182-1195, May 2016.

[123]J. Ding, A. Li, Z. Hu, and L. Wang. “Accurate pulmonary nodule
detection in computed tomography images using deep convolutional
neural networks,” International Conference on Medical Image
Computing and Computer-Assisted Intervention, 2017.

[124]D. Nie, H. Zhang, E. Adeli, L. Liu, and D. Shen, “3D deep learning for
multi-modal imaging-guided survival time prediction of brain tumor
patients,” in MICCAI. Springer, 2016, pp. 212-220.

[125]S. Korolev, A. Safiullin, M. Belyaev, and Y. Dodonova. (Jan. 2017).
“‘Residual and plain convolutional neural networks for 3D brain MRI
classification.”” [Online]. Available: https://arxiv.org/abs/1701.06643

[126]K. Simonyan and A. Zisserman, “Very deep convolutional networks for
large-scale image recognition,” CoRR, vol. abs/1409.1556, 2014.

[127]Setio et al., “Pulmonary nodule detection in CT images using Multiview
convolutional networks,” IEEE Trans. Med. Imag., vol. 35, no. 5, pp.
1160-1169, May 2016.

[128]L. Yu, H. Chen, J. Qin and P.-A. Heng, “Automated Melanoma
Recognition in Dermoscopy Images via Very Deep Residual Networks,”
IEEE Trans. Med. Imag., vol. 36, no. 4, pp. 994-1004, April 2017.

[129]1D. Kumar et al., “Lung Nodule Classification Using Deep Features in CT
Images,” in Computer and Robot Vision, 2015, pp. 133-138.

[130]J. Snoek, H. Larochelle, and R. P. Adams, "Practical bayesian
optimization of machine learning algorithms," in Advances in neural
information processing systems, pp. 2951-2959, 2012.

[131]B. Zoph, and Q. V. Le, "Neural architecture search with reinforcement
learning," arXiv preprint arXiv:1611.01578, 2016.

[132]K. Simonyan. A. Vedaldi, A. Zisserman, “Deep Inside Convolutional

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/.



This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/JBHI.2020.2991043, IEEE Journal of

Biomedical and Health Informatics

> REPLACE THIS LINE WITH YOUR PAPER IDENTIFICATION NUMBER (DOUBLE-CLICK HERE TO EDIT) < 19

Networks: Visualizing Image Classification Models and Saliency Maps,”
arXiv preprint arXiv:1312.6034, 2014.

[133]1M.D. Zeiler and R. Fergus, “Visualizing and Understanding
Convolutional Networks,” European Conference on Computer Vision,
ECCV 2014, Springer, Cham, Sep. 2014, pp. 818-833.

[134]J.T. Springerberg et al, “Striving for Simplicity: The All
Convolutional Net,” arXiv preprint arXiv:1412.6806, 2014.

[135]J). Yosinski et al., “Understanding Neural Networks Through Deep
Visualization, ” arXiv preprint arXiv:1506.06579, 2015.

[136]A. Mahendran and A. Vedaldi, "Understanding deep image
representations by inverting them," 2015 IEEE Conference on Computer
Vision and Pattern Recognition (CVPR), Boston, MA, 2015, pp. 5188-
5196.

[137]G. Montavon, W. Samek, K. Muller, “Methods for interpreting and
understanding deep neural networks,” Digital Signal Processing 73, pp.
1-15, 2018.

[138]Q. Zhang, Y. N. Wu and S. Zhu, "Interpretable Convolutional Neural
Networks," 2018 IEEE/CVF Conference on Computer Vision and Pattern
Recognition, Salt Lake City, UT, 2018, pp. 8827-8836.

[139]B. Zhou, A. Khosla, A. Lapedriza, A. Oliva and A. Torralba, "Learning
Deep Features for Discriminative Localization," 2016 IEEE Conference
on Computer Vision and Pattern Recognition (CVPR), Las Vegas, NV,
2016, pp. 2921-2929.

[140]Z. Zhang, Y. Xie, F. Xing, M. McGough and L. Yang, "MDNet: A
Semantically and Visually Interpretable Medical Image Diagnosis
Network," 2017 IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), Honolulu, HI, 2017, pp. 3549-3557.

[141]C. Biffi et al., "Learning interpretable anatomical features through deep
generative models: Application to cardiac remodelling," International
Conference on Medical Image Computing and Computer-Assisted
Intervention, Springer, Cham, 2018, pp. 464-471.

[142]L. Liu et al., "Multi-Task Deep Model With Margin Ranking Loss for
Lung Nodule Analysis," in /EEE Transactions on Medical Imaging, vol.
39, no. 3, pp. 718-728, March 2020.

[143]1P. Medrano-Gracia et al., "Left ventricular shape variation in
asymptomatic populations: the multi-ethnic study of atherosclerosis," J.
Cardiovasc. Magn. Reson., vol. 16, no. 1, p. 56, Dec. 2014.

[144]Cardiovascular Computing: Methodologies and Clinical Applications, S.
Golemati, K.S. Nikita (eds.), Springer 2019.

[145]S. Mori et al, "Atlas-based neuroinformatics via MRI: harnessing
information from past clinical cases and quantitative image analysis for
patient care," Annu. Rev. Biomed. Eng., vol. 15, pp. 71-92, Jul. 2013.

[146]R. Muthupillai et al., "Magnetic resonance elastography by direct
visualization of propagating acoustic strain waves," Science, vol. 269, no.
5232, pp. 1854-1857, Sep. 1995.

[147]V.Y. Wang et al., "Image-based predictive modeling of heart mechanics,"
Annu. Rev. Biomed. Eng., vol. 17, pp. 351-383, Dec. 2015.

[148]D.R.J. Snead, Y.W. Tsang, A. Meskiri, et al., "Validation of digital
pathology imaging for primary histopathological diagnosis,"
Histopathology, vol. 68, no. 7, pp. 1063-1072, 2016.

[149]K. H Yu et al., "Predicting non-small cell lung cancer prognosis by fully
automated  microscopic  pathology image features," Nature
Communications 7, 2016.

[150]P. Mobadersany, S. Yousefi, M. Amgad, et al., "Predicting cancer
outcomes from histology and genomics using convolutional networks,"
Proc. Natl. Acad. Sci., U. S. A., 2018, 115, (13), pp. E2970-E2979

[151]V. Thorsson, D.L. Gibbs, S.D. Brown, et al., "The Immune Landscape of
Cancer," Immunity, vol. 48, no. 4, pp. 812-830, 2018.

[152]J. Saltz, R. Gupta, L. Hou, et al., "Spatial organization and molecular
correlation of tumor-infiltrating lymphocytes using deep learning on
pathology images," Cell Reports, vol. 23, no. 1, pp. 181-193, 2018.

[153]]). Cheng et al., "ldentification of topological features in renal tumor
microenvironment associated with patient survival," Bioinformatics, vol.
34, no. 6, pp. 1024-1030, 2018.

[154]N. Coudray et al., "Classification and mutation prediction from non—small
cell lung cancer histopathology images using deep learning," Nature
Medicine, vol. 24, no. 10, pp. 1559, 2018.

[155]Y. Liu and L. Pantanowitz, “Digital pathology: Review of current
opportunities and challenges for oral pathologists,” Journal of Oral
Pathology & Medicine, vol. 48, no. 4, pp.263-269, 2019.

[156]A.L.D. Aratjo et al., “The performance of digital microscopy for primary

diagnosis in human pathology: a systematic review,” Virchows Archiv,
vol. 474, no. 3, pp.269-287, 2019.

[157]L. Pantanowitz, A. Sharma, A.B. Carter, T. Kurc, A. Sussman, and J.
Saltz, "Twenty years of digital pathology: An overview of the road
travelled, what is on the horizon, and the emergence of vendor-neutral
archives,” Journal of pathology informatics, vol. 9, 2018.

[158]A.J. Evans et al., “US Food and Drug Administration approval of whole
slide imaging for primary diagnosis: A key milestone is reached and new
questions are raised,” Archives of pathology & laboratory medicine, vol.
142, no. 11, pp.1383-1387, 2018.

[159]B.E. Matysiak et al., "Simple, inexpensive method for automating tissue
microarray production provides enhanced microarray reproducibility,"
Appl Immunohistochem. Mol. Morphol., vol. 11, no. 3, pp. 269-273, 2003.

[160]A. Janowczyk, and A. Madabhushi "Deep learning for digital pathology
image analysis: A comprehensive tutorial with selected use cases’,
Journal of pathology informatics, 2016, 7

[161]F. Xing, and L. Yang, "Robust Nucleus/Cell Detection and Segmentation
in Digital Pathology and Microscopy Images: A Comprehensive Review’,
IEEE Rev Biomed Eng, 2016, 9, pp. 234-263

[162]H. Irshad et al, “Methods for nuclei detection, segmentation, and
classification in digital histopathology: a review-current status and future
potential,” [EEE Rev Biomed Eng, 2014, 7, pp. 97-114

[163]P. Bamford and B. Lovell, "Unsupervised cell nucleus segmentation with
active contours," Signal Processing, vol. 71, no. 2, pp. 203-213, 1998.

[164]N. Malpica et al., "Applying watershed algorithms to the segmentation of
clustered nuclei," Cytometry, vol. 28, no. 4, pp. 289-297, 1997.

[165]). Kong et al., "Machine-based morphologic analysis of glioblastoma
using whole-slide pathology images uncovers clinically relevant
molecular correlates," PloS one, vol. §, no. 11, pp. €81049, 2013.

[166]Y. Gao et al., "Hierarchical nucleus segmentation in digital pathology
images," Medical Imaging 2016: Digital Pathology, vol. 9791, pp.
979117, 2016.

[167]AY. I-Kofahi, W. Lassoued, W. Lee, B. Roysam, "Improved Automatic
Detection and Segmentation of Cell Nuclei in Histopathology Images,"
IEEE Trans. Biomed. Eng., vol. 57, no. 4, pp. 841-852, 2010.

[168]F. Zaldana, X. Qi, J. Ren, et al., "Analysis of Lung Adenocarcinoma
Based on Nuclear Features and WHO Subtype Classification using Deep
Convolutional Neural Networks on Histopathology Images," American
Association for Cancer Research Special Conference Convergence:
Artificial Intelligence, Big Data, and Prediction in Cancer, 2018.

[169]E. Alexandratou et al., "Evaluation of machine learning techniques for
prostate cancer diagnosis and Gleason grading," Int. J. Comput. Int.
Bioinf. Sys. Bio., 2010, vol. 1, no. 3, pp. 297-315.

[170]A. Hekler, J.S. Utikal, A.H. Enk, et al., "Pathologist-level classification
of histopathological melanoma images with deep neural networks,"
European Journal of Cancer, vol. 115, pp. 79-83, 2019.

[171]P. Bandi et al., "From detection of individual metastases to classification
of lymph node status at the patient level: the CAMELYON17 challenge’,"
IEEE Trans. Med. Imag., vol. 38, no. 2, pp. 550-560, 2018.

[172]Q. Yang, K. Wu, H. Cheng, ef al., "Cervical Nuclei Segmentation in
Whole Slide Histopathology Images Using Convolution Neural
Network," in International Conference on Soft Computing in Data
Science, pp. 99-109. Springer, Singapore, 2018.

[173]M. Peikari and A.L. Martel, "Automatic cell detection and segmentation
from H and E stained pathology slides using colorspace decorrelation
stretching," Medical Imaging 2016: Digital Pathology, International
Society for Optics and Photonics, vol. 9791, pp. 979114, 2016.

[174]H. Chen, X. Qi, L. Yu, et al., "DCAN: Deep contour-aware networks for
object instance segmentation from histology images," Med. Image Anal.,
vol. 36, pp. 135-146, 2017.

[175]M.Z. Alom, C. Yakopcic, T.M. Taha, V.K. Asari, "Nuclei Segmentation
with Recurrent Residual Convolutional Neural Networks based U-Net
(R2U-Net)," NAECON 2018 - IEEE National Aerospace and Electronics
Conference, Dayton, OH, 2018, pp. 228-233.

[176]Q. D. Vu et al., "Methods for Segmentation and Classification of Digital
Microscopy Tissue Images," Front. Bioeng. Biotech., vol. 7,2019.

[177]L. Hou et al., "Robust Histopathology Image Analysis: To Label or to
Synthesize?," CVPR 2019 - IEEE Conference on Computer Vision and
Pattern Recognition, Long Beach, CA, 2019, pp. 8533-8542.

[178]H. Angell and J. Galon, "From the immune contexture to the
Immunoscore: the role of prognostic and predictive immune markers in
cancer," Curr. Opin. Immunol., vol. 25, no. 2, pp. 261-267, 2013.

[179]P. Savas et al., "Clinical relevance of host immunity in breast cancer: from
TILs to the clinic," Nat. Rev. Clin. Oncol., vol. 13, no. 4, pp. 228, 2016.

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/.



This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/JBHI.2020.2991043, IEEE Journal of

Biomedical and Health Informatics

> REPLACE THIS LINE WITH YOUR PAPER IDENTIFICATION NUMBER (DOUBLE-CLICK HERE TO EDIT) < 20

[180]B. Mlecnik ef al., "Histopathologic-based prognostic factors of colorectal
cancers are associated with the state of the local immune reaction,"
Journal of Clinical Oncology, vol. 29, no. 6, pp. 610-618, 2011.

[1811M. Amgad et al., "Structured Crowdsourcing Enables Convolutional
Segmentation of Histology Images," Bioinformatics, 2019.

[182]D. Krijgsman, R.L.P. Van Vlierberghe, V. Evangelou, et al., "A method
for semi-automated image analysis of HLA class I tumour epithelium
expression in rectal cancer," Eur. J. Histochem., vol. 63, no. 2, 2019.

[183]J. Ren, 1. Hacihaliloglu, E.A. Singer, D.J. Foran, X. Qi, "Adversarial
Domain Adaptation for Classification of Prostate Histopathology Whole-
Slide Images," MICCAI 2018, pp. 201-209, 2018.

[184]H. A. Alturkistani, F.M. Tashkandi, Z.M. Mohammedsaleh, “Histological
stains: a literature review and case study,” Global journal of health
science, vol. 8, no. 3, p. 72, 2016.

[185]].D. Bancroft and M. Gamble, Eds, “Theory and practice of histological
techniques,” Elsevier health sciences, 2008.

[186]Y. Al-Kofahi, W. Lassoued, W. Lee and B. Roysam, "Improved
Automatic Detection and Segmentation of Cell Nuclei in Histopathology
Images," in IEEE Transactions on Biomedical Engineering, vol. 57, no.
4, pp. 841-852, April 2010.

[1871J. Joseph et al., “Proliferation Tumour Marker Network (PTM-NET) for
the identification of tumour region in Ki67 stained breast cancer whole
slide images,” Scientific Reports, vol. 9, no. 1, pp. 1-12,2019.

[188]M. Saha, C. Chakraborty, I. Arun, R. Ahmed, S. Chatterjee, “An
Advanced Deep Learning Approach for Ki-67 Stained Hotspot Detection
and Proliferation Rate Scoring for Prognostic Evaluation of Breast
Cancer,” Scientific Reports, vol. 7, no. 1, pp. 1-14, 2017.

[189]Z. Swiderska-Chadaj et al, “Learning to detect lymphocytes in
immunohistochemistry with deep learning,” Medical Image Analysis, vol.
58,2019.

[190]F. Sheikhzadeh, R.K. Ward, D. van Niekerk, and M. Guillaud,
“Automatic labeling of molecular biomarkers of immunohistochemistry
images using fully convolutional networks,” PLoS One, vol. 13, no. 1,
2018.

[191]B.H. Hall et al., “Computer assisted assessment of the human epidermal
growth factor receptor 2 immunohistochemical assay in imaged histologic
sections using a membrane isolation algorithm and quantitative analysis
of positive controls,” BMC medical imaging, vol. 8, no. 1, p.11, 2008.

[192]S. Abousamra ef al., “Weakly- Supervised Deep Stain Decomposition for
Multiplex IHC Images,” in /EEE International Symposium on Biomedical
Imaging (ISBI), 2020.

[193]N. Siddeshappa et al., "Multiresolution image registration for multimodal
brain images and fusion for better neurosurgical planning," Biomedical
Jjournal, vol. 40, no. 6, pp. 329-338, Dec. 2017.

[194]L. Zheng, G. Li, J. Sha, “The survey of medical image 3D reconstruction,”
in Proceedings of PIBM 2007, vol. 6534, p. 65342K, SPIE, 2007.

[195]X. Cao et al., "Deep Learning based Inter-Modality Image Registration
Supervised by  Intra-Modality ~ Similarity," arXiv  preprint
arXiv:1804.10735, Apr. 2018.

[196]L. Athanasiou et al., "Three-dimensional reconstruction of coronary
arteries and plaque morphology using CT angiography—comparison and
registration with IVUS," BMC medical imaging, vol. 16(1), p. 9, 2016.

[197]A. Angelopoulou et al., "3D reconstruction of medical images from slices
automatically ~ landmarked ~ with  growing neural  models,"
Neurocomputing, vol. 150, pp. 16-25, Feb. 2015.

[198]A. M. Hasan et al., "Segmentation of brain tumors in MRI images using
three-dimensional active contour without edge," Symmetry, vol. 8,no. 11,
p. 132, Nov. 2016.

[199]D. Steinman, "Image-based CFD modeling in realistic arterial ge-
ometries," Ann. Biomed. Eng, vol. 30, no. 4, p. 483—497, 2002.

[200]D. J. Foran, L. Yang, W. Chen, et al., "ImageMiner: a software system for
comparative analysis of tissue microarrays using content-based image
retrieval, high-performance computing, and grid technology," J. 4m. Med.
Inform. Assoc., vol. 18, no. 4, pp. 403-415, 2011.

[201]J. Saltz, A. Sharma, G. Iyer, et al., "A Containerized Software System for
Generation, Management, and Exploration of Features from Whole Slide
Tissue Images," Cancer Res., vol. 77, no. 21, pp. €79-e82, 2017.

[202]A. Sharma et al., "Framework for Data Management and Visualization of
The National Lung Screening Trial Pathology Images," Pathology
Informatics Summit, pp. 13-16, 2014.

[203]P. Bankhead et al., "QuPath: Open source software for digital pathology
image analysis," Scientific reports, vol. 7, no. 1, pp. 16878, 2017.

[204]A.L. Martel et al., "An Image Analysis Resource for Cancer Research:
PIIP—Pathology Image Informatics Platform for Visualization, Analysis,
and Management," Cancer Res., vol. 77, no. 21, pp. e83-¢86, 2017.

[205]D.A. Gutman et al., "The Digital Slide Archive: A Software Platform for
Management, Integration, and Analysis of Histology for Cancer
Research," Cancer Res., 77, no. 21, pp. €75-¢78, 2017.

[206]R. Marée et al., "Cytomine: An Open-Source Software For Collaborative
Analysis Of Whole-Slide Images," Diagn. Pathol., vol. 1, no. 8, 2016.

[207]S. Jodogne, "The Orthanc ecosystem for medical imaging," Journal of
digital imaging, vol. 31, no. 3, pp. 341-352, 2018.

[208]B.W. Genereaux et al., "DICOMweb™: Background and application of
the web standard for medical imaging," Journal of digital imaging, 31,
no. 3, pp. 321-326, 2018.

[209]A. Goode et al., "OpenSlide: A vendor-neutral software foundation for
digital pathology," J. Pathol. Inform., vol. 4, pp. 27, 2013.

[210]J. Moore, M. Linkert, C. Blackburn, ef al., "OMERO and Bio-Formats 5:
flexible access to large bioimaging datasets at scale," Medical Imaging
2015: Image Processing, vol. 9413, pp. 941307, 2015.

[211]C. Anderson, "Docker [software engineering]," IEEE Software, vol. 32,
no. 3, pp. 102-c103, 2015.

[212]R.K. Madduri, D. Sulakhe, L. Lacinski, et al., "Experiences building
Globus Genomics: a next-generation sequencing analysis service using
Galaxy, Globus, and Amazon Web Services," Concurr. Comput. : Pract.
Exper., vol. 26, np. 13, pp. 2266-2279, 2014.

[213]S.M. Reynolds, M. Miller, P. Lee, et al., "The ISB Cancer Genomics
Cloud: A Flexible Cloud-Based Platform for Cancer Genomics
Research," Cancer Res, vol. 77, no. 21, pp. €7-¢10, 2017.

[214]1.V. Hinkson et al., "A Comprehensive Infrastructure for Big Data in
Cancer Research: Accelerating Cancer Research and Precision
Medicine," Front. Cell Dev. Biol., vol. 5, no. 83, 2017.

[215]Z. Wang, P.K. Maini, “Editorial-Special Section on Multiscale Cancer
Modeling”, IEEE Trans, on Biomedical Eng. vol. 64, no. 3, March 2017.

[216]M. Papadogiorgaki et al., “Glioma Growth Modeling based on the Effect
of Vital Nutrients and Metabolic Products”, Medical & Biological
Engineering & Computing, Vol. 56(9): 1683—-1697, Springer, 2018.

[217]M. E. Oraiopoulou et al., "Integrating in vitro experiments with in silico
approaches for Glioblastoma invasion: the role of cell-to-cell adhesion
heterogeneity," Sci. Rep., vol. 8, p. 16200, Nov 1 2018.

[218]C. Jean-Quartier, F. Jeanquartier, 1. Jurisica and A. Holzinger, “In silico
cancer research towards 3R”, BMC Cancer 18:408, 2018.

[219] W. Oduola and X. Li, “Multiscale Tumor Modeling With Drug
Pharmacokinetic and Pharmacodynamic Profile Using Stochastic Hybrid
System” Cancer Informatics, vol. 17: 1-7,2018.

[220]C. Madni and S. Lucero, “Leveraging Digital Twin Technology in Model-
Based Systems Engineering,” Systems, vol. 7, no. 1, p. 7,2019.

[221]U. Dahmen and J. Rossmann, "Experimentable Digital Twins for a
Modeling and Simulation-based Engineering Approach," 2018 [EEE
International Systems Engineering Symposium (ISSE), Rome, 2018, pp.
1-8.

[222]K. Bruynseels, F. Santoni De Sio, and J. van den Hoven, “Digital Twins
in Health Care: Ethical Implications of an Emerging Engineering
Paradigm,” Frontiers in Genetics, vol. 9, p. 31, 2018.

[223]A.A. Malik and A. Bilberg, “Digital twins of human robot collaboration
in a production setting,” Procedia Manufacturing, vol. 17, pp. 278-285.
2018.

[224]H. J. Aerts, "The potential of radiomic-based phenotyping in precision
medicine a review", JAMA Oncol., vol. 2, no. 12, pp. 1636-1642, 2016.

[2251H.J. Aerts, E.R. Velazquez, R.T. Leijenaar, C. Parmar, P. Grossmann, S.
Carvalho, J. Bussink, R. Monshouwer, B. Haibe-Kains, D. Rietveld, and
F. Hoebers, “Decoding tumour phenotype by noninvasive imaging using
a quantitative radiomics approach,” Nature communications, vol. 5, no. 1,
pp.1-9,2014.

[226]V. Kumar et al., "Radiomics: The process and the challenges", Magn.
Resonan. Imag., vol. 30, no. 9, pp. 1234-1248, 2012.

[227]R. J. Gillies, P. E. Kinahan, H. Hricak, "Radiomics: Images are more than
pictures they are data", Radiology, vol. 278, no. 2, pp. 563-577,2015.

[228]P. Lambin et al., "Radiomics: The bridge between medical imaging and
personalized medicine", Nature Rev. Clin. Oncol., vol. 14, no. 12, pp.
749-762, 2016.

[229]M. J. van den Bent, "Interobserver variation of the histopathological
diagnosis in clinical trials on glioma: a clinician’s perspective." Acta
neuropathologica 120, no. 3, pp. 297-304, 2010.

[230]D. J. Foran et al., "Computer-assisted discrimination among malignant

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/.



This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/JBHI.2020.2991043, IEEE Journal of

Biomedical and Health Informatics

> REPLACE THIS LINE WITH YOUR PAPER IDENTIFICATION NUMBER (DOUBLE-CLICK HERE TO EDIT) < 21

lymphomas and leukemia using immunophenotyping, intelligent image
repositories, and telemicroscopy." I[EEE Trans. Inf. Technol. Biomed.,
vol. 4, no. 4, pp. 265-273, 2000.

[231]L. Yang et al., "PathMiner: A Web-Based Tool for Computer-Assisted
Diagnostics in Pathology," in [EEE Trans. Inf. Technol. Biomed., vol. 13,
no. 3, pp. 291-299, May 2009.

[232]T. Kurc et al., "Scalable analysis of Big pathology image data cohorts
using efficient methods and high-performance computing
strategies." BMC bioinformatics, vol. 16, no. 1. p. 399, 2015.

[233]J. Ren et al., "Recurrence analysis on prostate cancer patients with
Gleason score 7 using integrated histopathology whole-slide images and
genomic data through deep neural networks." Journal of Medical
Imaging, vol 5, no. 4, p. 047501, 2018.

[234]W. Guo et al., “Prediction of clinical phenotypes in invasive breast
carcinomas from the integration of radiomics and genomics
data,” Journal of Medical Imaging, 2(4), pp. 041007-041007, 2015.

[235]The Cancer Imaging Archive. Wiki for the VASARI feature set. The
National ~Cancer Institute Web site - Available Online:
https://wiki.cancerimagingarchive.net/display/Public/VASARI+Researc
h+Project, last accessed Mar. 2019.

[236]E. S. Burnside et al., “Using computer-extracted image phenotypes from
tumors on breast magnetic resonance imaging to predict breast cancer
pathologic stage,” Cancer 122, no. 5, pp.748-757, 2016.

[237]1Y. Zhu et al., “Deciphering genomic underpinnings of quantitative MRI-
based radiomic phenotypes of invasive breast carcinoma,” Sci. Rep. 5,
2015.

[238]H. Li et al., “MR imaging radiomics signatures for predicting the risk of
breast cancer recurrence as given by research versions of MammaPrint,
Oncotype DX, and PAMS0 gene assays,” Radiology 281, no. 2, pp.382-
391, 2016.

[239]H. Li et al., “Quantitative MRI radiomics in the prediction of molecular
classifications of breast cancer subtypes in the TCGA/TCIA data set,”
NPJ breast cancer 2, 2016.

[240]1B. M. Ellingson, "Radiogenomics and imaging phenotypes in
glioblastoma: novel observations and correlation with molecular
characteristics." Curr. Neurol. Neurosci. Rep., 15.1 (2015): 506.

[241]Z. Zhu et al., “Deep Learning for identifying radiogenomic associations
in breast cancer,” arXiv preprint arXiv:1711.11097, Nov. 2017.

[242]K. H. Cha et al., “Bladder Cancer Treatment Response Assessment in CT
using Radiomics with Deep-Learning,” Sci. Rep., 7(1), 8738,2017.
[243]Z. Li et al., “Deep Learning based Radiomics (DLR) and its usage in
noninvasive IDH]1 prediction for low grade glioma,” Sci. Rep., 7(1):5467,

Jul. 2017.

[244]P. Eichinger et al., “Diffusion tensor image features predict IDH genotype
in newly diagnosed WHO grade IVIIl gliomas.” Sci. Rep., Vol
7(1):13396, Oct. 2017.

[245]P. Korfiatis et al., “Residual deep convolutional neural network predicts
MGMT methylation status,” J. Digit. Imaging, Vol. 30(5):622-8, 2017.

[246]J. Lao et al., “A Deep Learning-Based Radiomics Model for Prediction of
Survival in  Glioblastoma  Multiforme,”  Scientific ~ Reports,
Vol.7(1):10353, Sep. 2017.

[247]L. Oakden-Rayner et al., “Precision Radiology: Predicting longevity
using feature engineering and deep learning methods in a radiomics
framework,” Scientific Reports, Vol. 7(1):1648, May 2017.

[248]1H. Su et al., "Robust automatic breast cancer staging using a combination
of functional genomics and image-omics," in Conf. Proc. IEEE Eng. Med.
Biol. Soc. (EMBC), Milan, 2015, pp. 7226-7229.

[249]J. Ren et al., "Differentiation among prostate cancer patients with Gleason
score of 7 using histopathology image and genomic data," Medical
Imaging 2018: Imaging Informatics for Healthcare, Research, and
Applications, 2018, vol. 10579, pp. M107-124, 101-104.

[250]C. Wang et al., "Breast cancer patient stratification using a molecular
regularized consensus clustering method," Methods, vol. 67, no. 3, pp.
304-312,2014.

[251]Y. Yuan, H. Failmezger, O.M. Rueda, et al., "Quantitative image analysis
of cellular heterogeneity in breast tumors complements genomic
profiling," Sci. Transl. Med., vol. 4, no. 157, pp. 157ral43, 2012.

[252]C. Wang, H. Su, L. Yang, K. Huang, "Integrative Analysis for Lung
Adenocarcinoma Predicts Morphological Features Associated with
Genetic Variations," Pac. Symp. Biocomput., vol. 22, pp. 82-93,2017.

[253]J.N. Kather, A.T. Pearson, N. Halama, et al., "Deep learning can predict
microsatellite instability directly from histology in gastrointestinal
cancer," Nat. Med., vol. 25, no. 7, pp. 1054-1056, 2019.

[254]M. liang et al., "Joint kernel-based supervised hashing for scalable
histopathological image analysis," in Proceedings of MICCAI 2015, pp.
366-373,2015.

[255]Z. Zhang et al., "High-throughput histopathological image analysis via
robust cell segmentation and hashing," Med. Image. Anal., vol. 26, no. 1,
pp. 306-315, 2015.

[256] The Medical Futurist: FDA Approvals for Artificial Intelligence-Based
Algorithms in Medicine [Online]. Available:
https://medicalfuturist.com/fda-approvals-for-algorithms-in-medicine/.

[2571US Food and Drug Administration (FDA), “Proposed Regulatory
Framework for Modifications to Artificial Intelligence/Machine Learning
(AVML)-Based Software as a Medical Device (SaMD) - Discussion Paper
and Request for Feedback,” Apr. 2019.

[258]V. Tresp, J. Marc Overhage, M. Bundschus, S. Rabizadeh, P. A. Fasching
and S. Yu, "Going Digital: A Survey on Digitalization and Large-Scale
Data Analytics in Healthcare," in Proceedings of the IEEE, vol. 104, no.
11, pp. 2180-2206, Nov. 2016.

[259]K. Abouelmehdi, A. Beni-Hessane, and H. Khaloufi, “Big healthcare
data: preserving security and privacy,” J Big Data, vol. 5, no. 1, 2018.

[260]A. Rajkomar et al., "Scalable and accurate deep learning with electronic
health records." npj Digital Medicine 1, no. 1: 18, 2018.

[261]A. Aliper et al., "Deep learning applications for predicting
pharmacological properties of drugs and drug repurposing using
transcriptomic data." Mol. Pharm. 13, no. 7, pp. 2524-2530, 2016.

[262]S. Min et al, "Deep learning in bioinformatics," Briefings in
bioinformatics 18, no. 5, pp. 851-869, 2017.

[263]M. Langkvist et al., "A review of unsupervised feature learning and deep
learning for time-series modelling," Patt. Recog. Let. 42, pp. 11-24,2014.

[264]E. Pons et al., "Natural language processing in radiology: a systematic
review." Radiology, vol 279, no. 2, pp. 329-343, 2016.

[265]C. Sun, A. Shrivastava, S. Singh and A. Gupta, "Revisiting Unreasonable
Effectiveness of Data in Deep Learning Era," Conf. Proc. IEEE Comp.
Vis. (ICCV), Venice, 2017, pp. 843-852.

[266]D. Mahajan et al, "Exploring the limits of weakly supervised
pretraining." in Proceedings of ECCV 2018, Munich, 2018, pp. 181-196.

[267]Cancer Distributed Learning Environment (CANDLE): Exascale Deep
Learning and Simulation Enabled Precision Medicine for Cancer,
Auvailable Online: https://candle.cels.anl.gov/, Last Accessed Mar. 2019.

[268]K. Lekadir et al, “A convolutional neural network for automatic
characterization of plaque composition in carotid ultrasound,” IEEE J
Biomed Health Inform vol. 21, no. 1, pp. 48-55, Jan 2017.

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/.



