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Emergence of “Big Data” and Its Potential and ®
Current Limitations in Medical Imaging
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Although electronic imaging was performed in the early 1950s in nuclear medicine, it was
the introduction of computed tomography in 1972 that caused a revolution in medical imag-
ing in that it marked the beginning of the inevitable transformation to digital imaging. This
transformation is now more or less complete. While initially these CT images were rela-
tively small, comprised of only about 6400 pixels per slice, the steady move toward higher
spatial resolution, multislice imaging, digital radiography, and fluoroscopy rapidly increased
the size of images and the amount of data required to be stored, processed, displayed, and
moved about in a medical imaging department. The more recent introduction of digital
pathology with submicron-sized pixels and the need for color further increases these
demands. Rising work volumes in hospital, a push for cost containment, and a move toward
greater precision in diagnosis and treatment of disease all work together to motivate the
development of automated image analysis algorithms and techniques to improve efficien-
cies in in vivo imaging and pathology. This may require bringing together information from
different imaging and nonimaging sources within the institution. While technological devel-
opment has provided practical means for storage of the burgeoning data load and the use of
multiple processors and high-speed networks has enabled more sophisticated analysis
locally or in the cloud, challenges remain in terms of the ability to integrate data from differ-
ent systems, the development of appropriately annotated image bases for training and
testing of algorithms, and issues around privacy and ownership in obtaining access to
patient-related data.
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ossibly the first capture of medical images via electronic
P signals occurred in the 1950s initially with the develop-
ment of the rectilinear scanner' and then the Anger scintilla-
tion camera” for nuclear medicine imaging. Gamma rays
emitted from a radionuclide administered to the patient were
absorbed in a thallium-activated Nal crystal. The resulting
burst of light quanta from each detected gamma ray pro-
duced electronic pulses in an array of photomultiplier tubes
and in this way the gamma rays could be counted to repre-
sent a signal whose origin in the body could be localized,
thereby providing information on the distribution of uptake
of a radiopharmaceutical. This marked a major milestone in
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that it provided the ability not just to use radionuclides to
obtain information through tracer studies but to perform
actual in vivo functional imaging.

Initially, the electronic signals were recorded in an ana-
log manner on paper or film and the processing and dis-
play of the images from the gamma camera were of
necessity fairly simple. Subsequent developments resulted
in creation of fully digital images and more elaborate
processing and display were implemented as more
sophisticated and powerful computers and display devices
became available.

In the early 1960s, nuclear medicine gamma ray imaging
was extended by Kuhl and Edwards to tomographic imaging
of tissue slices or slabs within the body, although the method
for image construction was entirely analogue.’ This was the
origin of gamma ray emission computed tomography
(SPECT). These tomographic images showed the potential
for improved specificity in reporting on distributions of
radionuclide uptake in the body.
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Big Data in Medical Imaging

Despite these important earlier milestones, it was the pub-
lication of results with the first clinical CT system in 1972
that aroused tremendous excitement and truly propelled the
revolution toward digital imaging in medicine.”” CT com-
bined several key features. First, the images were captured in
digital form. Second, they were not simply recordings of
x-ray projection data, as in conventional radiography, but
were reconstructed slices representing transverse sectional
slabs of tissue within the patient. CT revolutionized medical
imaging by providing images that depicted much more sub-
tle changes in tissue than was possible with earlier technol-
ogy. This came about (1) through the development of x-ray
detectors, with higher x-ray absorption efficiency, wider
dynamic range and lower noise for acquiring the data
compared to the previous analogue film-based systems, (2)
precise digitization, (3) the three dimensional nature of the
reconstructed images which eliminated the detrimental effect
of tissue superposition in conventional radiology, and (4) the
ability to manipulate the digital image data and then view the
images on a computer display where image brightness and
contrast scales were adjustable. Furthermore, these images
were quantitative and amenable to many types of subsequent
refinements, such as dual energy for tissue composition anal-
ysis, contrast improvement, and artefact reduction”’ " and
quantitative analyses, higher speed and extended body
coverage through helical and multislice imaging,'*"”

Over the next three decades, a gradual transition to digital
image acquisition and display occurred in all the other exist-
ing areas of medical imaging including vascular imaging,
nuclear medicine, projection radiography, and ultrasound.
More-recently-introduced imaging techniques based on
reconstructed images like PET and MRI were digital at the
outset.

Of necessity the earliest digital images were relatively
small, limited by the available detector technology of the
time. The first CT images, for example, had dimensions of
only 80 x 80 pixels, 3 mm on a side and produced two adja-
cent slices simultaneously, each 13 mm thick. From the
beginning, it was realized that the most important benefit
from CT was not spatial resolution, but the ability to distin-
guish tissue changes on the basis of small differences in x-ray
attenuation properties. This required precise measurement of
signals over a wide range of intensities, possible only through
the introduction of fast, analogue-to-digital conversion elec-
tronics with 12-16 bits of digitization depth capacities,
depending on the application. '

While digital imaging represented a revolution in technol-
ogy, the most important impact of that revolution has been
in its opening the door to the use of quantitative techniques
in medical imaging.

Big Data

As digital imaging took hold, technologies further developed
and the amount of digital data associated with imaging
increased. The amount of data is dependent on several fac-
tors and these vary among the different imaging applications.

The data requirement for an examination is given by:
D= (LW /w”)Bn

where L and W are the dimensions of the image field and w is
the dimension of the side of a square pixel, B is the number
of bytes required to digitize the information in a pixel, usu-
ally 2, and n is the number of images, image frames or slices
acquired in an examination. L, W, and w must be specified in
the same plane, which can be in the detector itself or referred
back to a level within the patient. The data rate, which is the
number of bytes per second that must be acquired, stored or
transferred is also an important consideration and this can
vary considerably depending on the type of detector and
whether or not it can temporarily buffer data internally and
the image frame rate defined by the clinical need. Therefore,
although T am not really comfortable with the term whose
definition will almost certainly change continuously as tech-
nology advances, the data become “big” when image fields
are large, pixels are small, frame rates are high, or there are
many images acquired per examination. The amount of data
increase rapidly when more than one of these conditions
applies to a particular imaging requirement. Typically, imag-
ing modalities that provide primarily anatomical or morpho-
logical information tend to have small voxels (area of pixel x
slice thickness), while those that convey functional measure-
ments often use larger voxels, but with more bits per voxel
to express the more-subtle changes or multi-spectral data.

Digital Mammography

The last radiographic modality to move from analogue to
digital was mammography, where it was necessary to wait
for the development of analogue-to-digital converters with
adequate precision and very high spatial resolution (small
pixel) x-ray detectors to accommodate the requirement of
depicting the fine detail of microcalcifications and soft tissue
spiculations. But, recognizing the potential of digital
approaches in breast imaging, a conference on digital mam-
mography was held in San Jose California in 1993," seven
years before the appearance of the first commercial digital
mammography system. These meetings, originally known as
The International Workshops on Digital Mammography
(now The International Workshop on Breast Imaging) have
taken place continually since that time at two-year intervals
and have been a forum for science around the development
of digital breast imaging.

Before the actual clinical systems became available, the dis-
cussions focused on the technological obstacles that had to
be overcome for digital mammography to become a clinical
reality, namely the required developments of detectors and
display devices. There was also considerable interest on the
potential of factors such as image processing, data compres-
sion and computer-aided detection, and diagnosis and their
role in this future modality. The latter was applied to analysis
of data from film mammograms that had been digitized by
means of high spatial resolution optical scanning devices.
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The ideas developed using these scanned images included
definition of key features, segmentation, classification, and
use of neural networks.

In Europe, the benefit of having more than a single inter-
pretation of the mammographic examination has long been
appreciated and double reading is commonly done to
improve sensitivity and/or specificity. In North America,
double reading is generally considered to be prohibitively
costly. Nevertheless, the possibility of emulating a second
reader by using computer-aided detection was very attrac-
tive, although the need to scan films for digitization was a
major disincentive.

Digital mammography enters the realm of “big data” pri-
marily due to the small size that is required for the image pix-
els, typically between 50 and 100 pum (0.05-0.1 mm),
resulting in pixel areas as small as 2.5 x 107> mm”. For an
18 cm x 24 cm size mammography image field, this would
require as many as 17.3 million pixels, or at 2 bytes per pixel
approximately 35 MB per image. At an average of 4 images
per examination and 100 examinations per day, this produ-
ces about 3.5 TB of data per year in a busy department and a
significant impact on the network of moving these images
around.

But by far, the greatest challenges for digital mammogra-
phy were in developing x-ray detectors that could provide
the small element sizes to support such high spatial resolu-
tion with an intensity range/precision of 12 or 14 bits (factor
of 4096 or 16,384, while allowing coverage of an 18 cm x
24 cm (or today a 24 cm x 30 cm) field and then displaying
so much data simultaneously.

The detector problem was solved through technological
improvements in capabilities of creating readouts based on
amorphous silicon pixel arrays (Fig. 1). These were coupled
either to a high-resolution CsI(T1) phosphor'®'” or to a sheet
of amorphous selenium photoconductor."®' Alternatively,
long, narrow single- or multiline strip detectors could be
used to scan across the breast, gradually accumulating the
image data. Systems that have been implemented were of
two types. In one, a CsI(T) phosphor was coupled through
fiber optics to a self-scanning charge-coupled device (CCD)
array that recorded the light from the phosphor.”’ In

o e e s

another, individual x-ray quanta could be counted by collect-
ing the electronic charge liberated in a silicon strip
detector.”!

One of the major advantages of digital acquisition was the
ability to perform image processing to optimize the presenta-
tion of the image for the diagnostic task, in the case of mam-
mography, the detection or characterization of subtle
masses, architectural distortions and microcalcifications.
Most display devices cannot render the 12-14 bits of
acquired intensity with optimal contrast. In particular with
film, the upper and lower ends of the recorded intensities
were displayed with reduced contrast in the so-called “shoul-
der” and “toe,” respectively of the characteristic display curve
of the film. The simplest type of processing was adjustment
of the displayed brightness and contrast to enhance the prob-
ability of detection of lesions, overcoming the restrictions of
photographic film, and/or the human eye. An example of an
almost universally used technique is linear clipping and scal-
ing of the intensity scale, achieved by setting a window level
to define the acquired signal intensity level that would be
rendered as midtone gray. The window width then defined
the range of recorded digital values that would be displayed
between the black and white (minimum and maximum
brightness levels) of the display device.

On the earliest digital mammography systems, the number
of acquired pixels in the image was much greater than the
capacity of available monitors and the solution was to print
the digital image back onto film after adjustment of window
level and width. While this helped to optimize the gray scale
presentation, it was inflexible in that the display could not be
further modified once the image had been printed. In addi-
tion, film is expensive, requires storage space and the image
is only accessible for viewing in one physical location.

Another image processing technique that could be applied
to the mammograms was used to reduce the dynamic range
of signals that must be rendered by the display device. The
interpretation of the mammogram focuses mainly on details
at mid and high spatial frequencies. Low-frequency informa-
tion that varied over a range of several centimeters was
less important. High speed processing of these large images
allowed various types of filtering to be applied to the

Figure 1 High-resolution amorphous silicon flat-panel x-ray detector for digital mammography. Detector elements
(pixels) are 0.1 mm on a side. A CsI(T1) phosphor is evaporated onto the surface to make this an x-ray sensitive device.
Courtesy, General Electric Global Research Center, Niskayuna, NY.
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images to allow small-area contrasts due to fine structures in
the breast to be enhanced while suppressing changes at very
low spatial frequency. This allowed preservation of good
contrast both in the thicker denser areas of the breast and
also near the skin edge of the image.”” Another image proc-
essing technique called contrast-limited adaptive histogram
equalization,”” allowed local optimization of contrasts
deemed important in radiological interpretation while reduc-
ing broad-area changes. Although this type of spatially-vary-
ing nonlinear processing was valuable in making lesions
more conspicuous, it had the effect of transforming an image
that was a fairly faithful representation of x-ray attenuation
patterns in the patient to one in which the local signals were
less closely related to a physical phenomenon. For some
types of analysis, preserving the original unaltered data
would be important. Recognition of the value of both the
highly processed image and the original, more direct record-
ing led the DICOM standards group to define the former as a
“For Presentation” image and the latter as a “For Processing”
or “Raw” image.zdr

Driven by developments in other fields, high-resolution
electronic monitors became commercially available for medi-
cal imaging, first capable of displaying 3 million pixels, and
later 5 million pixels, which have now become standard. The
displays were initially CRT devices which were expensive
and bulky and produced considerable heat, but allowed
interactive manipulation of image gray scale display (bright-
ness and contrast) by the radiologist during interpretation.
These devices still could not simultaneously display all of the
pixels provided by a detector with 50 um elements, but this
limitation could be mitigated by use of software that allowed
zoom and scroll of the digital image on the display. Hard-
ware acceleration of these functions soon became available to
reduce latency in image manipulation, improving the radiol-
ogist’s experience in interacting with the digital images.
Eventually the CRT displays were replaced by flat panel
LCD screens which were more energy efficient and
allowed the design of more ergonomic reading stations for
the radiologist.

Once mammograms were available in digital form, it was
much easier to implement the algorithms originally devel-
oped with film mammography in computer-assisted detec-
tion (CADy4) and/or diagnosis (CADy) systems. The former
are used primarily in cancer screening to identify suspicious
lesions”” while the latter are tools that make use of large
knowledge bases of annotated cases to give the probability
that a lesion represents breast cancer rather than a benign
condition”®”" or in identifying one of the major significant
features of cancer such as architectural distortion.”

The development of these CAD algorithms may have
been one of the first examples of use of big data in medical
imaging as the training and validation of these algorithms
required very large sets of appropriately annotated images,
indicating ground truth, location and type of lesion, etc.
When these algorithms were designed to be applied to a
breast cancer screening application, in principle, the num-
ber of images required for training could become
extremely large. This is because in a screening cohort only

about five women per 1000 screened would have breast
cancer. To obtain enough cancers for statistical validity
while including the range of morphological or textural fea-
tures that would characterize breast cancer and at the
same time represent the overwhelming number of normal
variations, possibly hundreds of thousands of images
would be required.

Interestingly, in an application like screening, the task is to
reduce the information from the enormous amount of data
associated with large, high-resolution digital images to just
one bit: where “0” indicates suspicion of cancer and the need
for further investigation and “1” denotes confidence that
there is no disease and the patient can return at the next
screening interval.

Tomosynthesis

The clinical motivation for digital mammography was to
improve the detectability of cancers, particularly in women
with dense (ie, highly fibroglandular) breasts through more
efficient acquisition of the x-ray image and image processing
and manipulation. To some extent it succeeded in this goal,
however, the sensitivity and specificity in cancer detection
are still suboptimal. In the United States, for breast cancer
screening, while sensitivity can exceed 90% in women with
fatty breasts, it can be as low as 65% in very dense breasts.”’
Overall specificity is under 90% and can be as low as 85%,
that is, 10%-15% of women will be recalled for further
examinations after screening while only 0.5% will be found
to have breast cancer.

Part of the problem is the inherent superposition of the
information from overlapping structures in the breast in the
two-dimensional projection images. Breast tomosynthesis is
an imaging technique, built on the platform of digital mam-
mography, that attempts to overcome the superposition
problem, much in the way that computed tomography does
this in other areas of radiography.”’”” In fact, dedicated
breast CT imagers have been built and one model is available
commercially.””

Tomosynthesis is an intermediate approach between 2D
radiography and CT. The gantry, which looks like that of a
mammography system, has been modified to allow the x-ray
tube assembly to rotate about the stationary compressed
breast while a series of low-dose x-ray projection images is
acquired. These views are reconstructed by a computer algo-
rithm to produce a set of slice or slab (thicker slices) images
of the attenuation of breast tissue, typically in the craniocau-
dal and/or mediolateral oblique planes.

Typically, tomosynthesis provides more or less the same
spatial resolution as digital mammography in these planes
(ie, similar pixel size) while the resolution in the orthogonal
dimension tend to be coarse, 0.5 mm or greater. Because
9-25 angular views are acquired and the set of reconstructed
tomosynthesis slices must be stored, the amount of data is
considerably larger than for digital mammography with a sin-
gle examination creating between 720 and 2000 MB, and a
busy department producing up to 5 TB per year just from
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breast tomosynthesis. Of course, reasonable levels of lossless
compression can be applied to such image data.

Although some studies have shown impressive improve-
ments in specificity and/or sensitivity of tomosynthesis in
conjunction with digital mammography over digital mam-
mography alone, these have mainly been ecological studies
or single vendor studies. There has been some recent data
demonstrating superior accuracy of tomosysnthesis alone vs
digital mammography alone, but this has been a retrospec-
tive reader study. Many of these studies have taken place in
Europe where double reading interpretation of mammo-
grams is done and screening is biennial, resulting in a rather
different situation than in North America.

The Tomosynthesis Mammography Imaging Screening
Trial (TMIST) is a randomized trial of 165,000 women spon-
sored by the ECOG-ACRIN clinical trials group and funded
by the US National Cancer Institute.”””® TMIST was
designed to compare the detection accuracy of digital breast
tomosynthesis (with or without digital mammography) to
that of digital mammography alone. Each participant will
receive 3-5 examinations at either annual or biennial inter-
vals and both unprocessed and processed image data as well
as details of their radiological interpretation and biopsy
reports from more than 600,000 examinations, yielding sev-
eral million images, will be archived centrally. Positive
examinations will be annotated by a radiologist. Notably,
TMIST includes systems from multiple vendors and out-
comes will consider not only the accuracy of cancer detection
but also potential impact, by examining biological differences
between the types of cancers detected by the two imaging
modalities. To this end, biological tissue samples are being
collected for genetic and proteomic analysis.

This unique repository of both (annotated) imaging and
biological data provides enormous potential for research in
radiomics,”” "' the use of image data to develop quantitative
imaging biomarkers or radiogenomics,”*” and the integra-
tion of radiomic and genetic information for the purposes of
more precise characterization of disease or guidance in pre-
scribing therapy.

Digital Pathology

The definitive diagnosis of disease virtually always comes
from the pathologic examination of tissue. To this day most
pathology is performed by visual inspection of the tissue,
treated with appropriate chemical stains, under the micro-
scope. The examination is largely subjective and based on
the extensive experience of the pathologist in distinguishing
normal, benign changes, and diseased tissue. Quantitative
techniques are fairly primitive and often very time consum-
ing and labor-intensive. For example, cells are counted indi-
vidually by visual inspection, by sampling over a specific
subarea of the image on a glass slide.

The dramatic improvements in electro-optical devices
such as high resolution, wide dynamic range CCDs, and in
digitally controlled opto-electromechanical devices such as
laser scanners have provided the ability to transform

pathology to a science based on digital imaging and analysis.
Digital pathology is still a very new field and the transition
from over 150 years of microscopic pathology as pioneered
by Virchow," has been a slow and challenging one. Never-
theless, there is enormous excitement at the new capabilities
that emerge when the microscope slide and many other
aspects of pathology become available in digital form.

For example, in my laboratory we have been digitizing his-
topathology slides for over a decade and, along with many
other academic and industrial groups, have been developing
algorithms for quantifying important aspects of the pathol-
ogy examination. In particular, my group has focused on
techniques for creating whole-mount sections in digital
form.*”*® This involves many changes from historical proto-
cols, in fixing, cutting, and processing the tissues, in micro-
tomy, and of course, in producing and storing the digital
image. Because histopathology images must capture micro-
scopic detail, down to 0.5 um or finer and the images
are color (typically 3 bytes per pixel), even a single standard
1 x 3in. 25 mm x 75 mm) digital slide requires approxi-
mately 22.5 GB. We have been working with slides as large
as 125 mm x 170 mm (eg, Fig. 2), so that the image can be
as much as 20 times larger. The enormous amount of data
created immediately raises questions as to the type and
degree of data compression that is acceptable. These issues
are not only scientific, but because of the sensitive role that
pathology plays in the final diagnosis of disease, there are
also legal questions that must be addressed. In any case, digi-
tal whole-slide images are much larger than those typically
encountered in in vivo medical imaging applications and,
given that many of these slides would be produced each
working day, there are key practical challenges in how to
acquire and move such large amounts of data effectively
within a clinical institution.

In our work we have been studying the potential impact of
utilizing these larger more complete pictures of resected tis-
sue to quantify the tumor burden of breast cancer in terms of
linear size (dimensions) of disease, tumor volume,”” and
multifocality” and have found differences from diagnostic
conclusions drawn when conventional smaller format slides
are used.

There are many other valuable applications that can be
built on the platform of digital pathology, both in terms of
how information is acquired and how it can be analyzed to
enhance diagnosis and possibly add prognostic and predic-
tive information to guide treatment decisions.

One exciting application of digital imaging is the multiplex-
ing of biomarkers in tissue specimens. We have been working
with a system designed by General Electric Global Research
Center (Niskayuna, NY) that allows imaging of multiple
markers on the same tissue section. Antibodies to the protein
of interest are directly conjugated with fluorophores (typically
Cy3 and Cy5). The microscope slide is then imaged under
fluorescence and a high-resolution digital image is captured
and recorded. The fluorophores are then deactivated by
bleaching and a second set of antibodies is imaged in a similar
manner on the same tissue section. This process can be
repeated multiple times, producing a multiplexed image of
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Figure 2 Whole-mount histopathology image of entire lumpectomy section. Region of interest displayed at higher

spatial resolution is shown in the inset.

many (up to 64) markers. Because the tissue section remains
stationary under the microscope, there is perfect spatial regis-
tration of the markers, allowing colocation analysis to be per-
formed.” We are currently using this system to analyze
spatial heterogeneity of the characteristics of breast cancer and
to map the immune environment of different cancers to guide
regimens for immunotherapy (Fig. 3).

The logical extension of this work is the integration of the
protein data with genetic data obtained by RNA or DNA
sequencing of spatial specific areas of interest. This would pro-
vide an excellent tool for investigation of the important prob-
lem of spatial heterogeneity of the characteristics of cancer.

In the application of multiplexed pathology the data
become “big” because of the high spatial resolution of the
microscopy, the use of multiple molecular-specific stains,
color and the complexity of the analysis. Analysis consists of
identification of features in the tissue and distinguishing the
different cell types, nuclei and organelles. Again, as in digital
in vivo imaging, this application lends itself to the use of arti-
ficial intelligence techniques to facilitate subtle classification
tasks.”””" Although this is an exciting new approach, its ulti-
mate value remains to be demonstrated, but may be both in
the better understanding of disease and also in improved
prognostic and predictive information for treatment.

Data Warehouses

The field of medicine is typically practiced as a set of siloed
activities. In the area of cancer, the processes of detection,
diagnosis, and treatment are often isolated from one another,
often to the disadvantage of the patient. Each of these activi-
ties generates valuable information about the patient and the
disease, information that could be valuable both in the man-
agement of disease and for research into cancer diagnosis,
treatment, survivorship, and prevention. Often the informa-
tion from the activities that occur in a health facility is col-
lected on disparate computer systems in ways that impede
the integration of that information and the potential syner-
gles from such integration. Several institutions including
ours have attempted to create systems that will facilitate such
integration. A data warehouse, known as the Sunnybrook
Research Biomatrix, has been designed initially to support
cancer research activities only, but it is scalable to include
other diseases and to be used for clinical management. Its
design retains patient identifiers internally to preserve accu-
racy, but only allows extraction of data in pseudo-identified
form by researchers. It has been built with safeguards to
restrict access to authorized users, contains an audit trail
mechanism and also can be configured to allow
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Figure 3 Processing of very large digital pathology images. Top: Region of interest to be processed applied with two
grids, round 1 processing grid (red) and round 2 processing grid (shifted half a block grid vertically and horizontally).
Middle: In round 1 processing, only objects that are completely captured by the block are counted. Objects touching
the block borders (circled) were removed. In round 2 processing, objects touching the seam between round 1 blocks
are counted. Also, objects touching the tips of the cross are often counted twice and thus they are counted as half-
objects. Bottom: After block processing, images are tiled back to original position. (Left) Original color image of CD31
whole-mount VX2 tumor is highlighted in green. (Right) Final vessel-density map taken with an 800 pixel block-

width. Lighter pixels represent higher density regions.

collaborations between institutions. The Biomatrix includes a
data server and an image server. The data server contains
demographics, imaging, pathology, and treatment reports as
well as outcome data, while the image server is a large
DICOM image base with links to the textual data.

Data are entered on the basis of patient consent. While
some patients provide consent for their data to be used only
for one specific study, there is also a prospective consent
mechanism in place where the patient can choose to allow any
of his/her data to be used in ethics board-approved research
studies to be designed in the future. Currently data from over
12,000 Sunnybrook patients reside in the Biomatrix. As much

of the data are synoptic values and text, the storage require-
ments for this wealth of data are modest, on the order of hun-
dreds of megabytes. The corresponding image archive which
is much more data intensive occupies 40 TB.

Currently basic scientist and clinician scientists are utiliz-
ing the Biomatrix to address a wide assortment of problems.
These range from studying the toxicities associated with
delivery of radiation therapy in different geometrical configu-
rations, to selection of patients on the basis of multiple radio-
genomic markers to predict the therapy that would elicit the
best tumor response to optimization of diagnostic imaging
procedures.””
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Image Data Analysis

The aims associated with development of the Biomatrix and
of algorithms for image analysis are to allow more precise
and less labor-intensive assessment of in vivo and/or pathol-
ogy images.

One example of such activity is an attempt to develop a
radiomic approach to stratification in breast cancer screening.
Mammography is an effective tool with excellent sensitivity
and sensitivity for detection for most women. Both sensitivity
and specificity may be dramatically diminished in women
with dense breasts. Such women may benefit by receiving
alternative or supplementary screening using a modality less
affected by density. One way of stratifying screening for these
women is by subjective assessment of breast density from the
mammogram. It has been shown, however, that this approach
is rather inefficient. Not all of the women whose cancers
would be missed are selected for supplementary screening
and many women whose cancers could be satisfactorily
detected on mammography would be sent for additional more
costly procedures. We have been developing a more sophisti-
cated approach based on an index for cancer “masking” that
predicts the probability that a cancer would be missed. This
would take into account both the amount of dense tissue and
its location and features such as the texture and complexity of
the image background due to surrounding normal tissue.”
To arrive at truly-efficient algorithms that could be imple-
mented in clinical screening programs, it is likely that we will
have to turn to artificial intelligence methods that would iden-
tify which women should be recommended for supplementary
imaging. Deep learning using convolutional neural networks is
being investigated for this purpose. Convolutional neural net-
works learn by training on a very large number of images that
have been at least partially annotated. These images would
include women with cancers that were missed because of
masking on the mammograms, women whose cancers were
detectable and women without cancer. The algorithm would
learn subtle features that would help identify the first group
and ignore as many images as possible in the other two. To
overcome statistical variability and other factors that cause
uncertainty, it is possible that over 100,000 images would be
required to train the network. At 10 MB per image, this is a
terabyte of data that must be stored, managed, and processed.

Precision Medicine—
Multimodality, Multiparametric,
and Molecular Imaging

Each imaging modality is based on the interaction between a
specific form of energy and biological structures in the
patient at the gross, molecular, atomic, or nuclear levels.
From these interactions important information can be
inferred that report on normal phenomena or pathologic
changes. The potential value of integrating complementary
information obtained through the use of multiple imaging
modalities has been recognized for some time, mainly for the

combination of anatomical or morphological information
with information on functional properties.”*””

Classic examples of the synergy between imaging modalities
are in SPECT/CT and PET/CT where the CT image provides
excellent, relatively-high spatial resolution, 3-dimensional
anatomic information and the SPECT or PET reports on phys-
iological activity associated with the uptake or kinetics of a
specific radiopharmaceutical. Because of the nature of gamma
ray interactions, their relatively high energy and the desire to
achieve high signal-to-noise ratio in SPECT and PET images at
acceptably low radiation doses, the voxel size for these images
is relatively large and, therefore, their spatial resolution is
modest. The complementary value of the CT is to provide
excellent spatial resolution with anatomical features registered
to these sensitive functional images. CT data have also been
used to facilitate attenuation correction of the nuclear medi-
cine images to improve their accuracy.”®

Another way in which imaging data are enriched is
through multiparameter (mp) imaging. Extraction of multi-
ple data parameters has been widely exploited in MRI, where
pulse sequences can be designed to produce images that
report on different phenomena, such as vascularity, perfu-
sion, diffusion, oxygen utilization, etc. and where spectros-
copy and imaging have been combined. One example of mp
imaging is in prostate cancer where overtreatment is a major
challenge. Image measurements can be made, not only of the
traditional relaxation coefficients like T2, but also of diffu-
sion through the apparent diffusion coefficient, perfusion
(Kirans) and of vascular characteristics such as angiogenesis
through dynamic contrast enhanced pulse sequences as illus-
trated in Figure 4.”"

The goal in such imaging studies is to be able to character-
ize the potential aggressiveness of a cancer, taking into
account the spatial heterogeneity that may exist at the mm
scale level. There is a risk in conventional biopsy of missing
key information due to undersampling. Quantitative imaging
is well suited to this task as it provides continuous sampling,
albeit at a macroscopic scale.

The amount of information and its complexity coming
from mp imaging imposes a challenge in trying to determine
how various elements of image data could optimally be used
to infer the characteristics of a cancer. The potential role of
radiogenomics is obvious here, but as the amount of infor-
mation increases so does the complexity of the analysis. For
this reason, researchers often turn to the techniques of artifi-
cial intelligence to assist in unraveling the connections
between measurable variables and the disease state.”"®”
Because annotated case material from a single site is always
limited, such studies are greatly facilitated if they can draw
on data from multiple institutions.

In the quest for tools to enable the delivery of precision
medicine, there is a pressing need for imaging methods that
provide molecular specificity to targets for the disease. Early
work focused on detecting changes in metabolism associated
with tumor growth using *”™Tc sestamibi or FDG. Now,
more precisely targeted agents are being considered for use
in detection of disease, characterization of its subtype or its
potential aggressiveness, guidance in delivery of therapy and
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Figure 4 Representative prostate histologic sections (a, b) with corresponding ADC (c) and K" (d) maps. The tumor,
located between the two “*’ in (a), is seen on H&E as a region with increased density, and corresponds to an increase
in cytoplasm and nuclei in (b) (orange), a decrease in ADC (c), and increase in K" (d). Courtesy, Dr. Masoom Haider,

University Health Network, Toronto.

monitoring of response to treatment. This area deserves
much more extensive discussion than can be accommodated
here, but the most obvious way to achieve molecular speci-
ficity with diagnostic sensitivity is through molecularly-
targeted radionuclides. There is an enormous amount of
work being done in this area. Within my own area of interest,
breast cancer, colleagues have developed multiple agents to
probe the different subtypes of the disease including labeled
trastuzumab, pertuzumab, and TDM1 for variants that over-
express different HER2 neu receptors””“* and others have
been investigating targeted imaging agents for other sites
such as radiolabeled prostate-specific membrane antigen for
prostate.”” In many cases there is interest in modifying these
targeted diagnostic agents to make them suitable for thera-
peutic applications. An excellent review of molecular breast
imaging was published by Specht and Mankoff in 2012,°°
however, rapid development is expected in this field.

Needs

Only a few years ago the pressing needs in medical imaging
were for greater storage capacity to handle larger images,
greater processing speed, and faster networks. These limita-
tions have largely disappeared with the availability of afford-
able multiterabyte image stores, gigabit networks, GPUs, and
the ability to cluster computers and processors.

There are still bottlenecks with respect to speed, usually
due to slower, legacy networks and hardware in institutions,
that may restrict capacity of faster, more powerful systems
that are part of the same pipeline. Largely, however, needs
have changed.

Currently, there is an enormous demand for medical
images that have been annotated to identify key features and/
or where ground truth or outcome is known for the training
and validation of machine learning systems. Much of the
medical knowledge base associated with images is still con-
tained in reports, many of which are handwritten or in free
text. Fax may be still used to transmit these reports within or
between institutions and when digitized, this often occurs by
optical scanning. Greater standardization in the structure of
reports””*® and effective natural language processing systems
that would provide the ability to search, analyze, and extract
meaningful synoptic information from free text would be of
great value for research and to allow better quantitative use
of medical information.””

Another area for improvement is in the standardization of
medical images and of the staining characteristics in pathol-
ogy images. Historically, they have been considered by their
users simply as “pictures.” Today, however, the wealth of
additional radiomic information which they contain is better
appreciated.”” Such information may be difficult to be per-
ceived directly by a human observer and even more difficult
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to quantify subjectively, but may be extracted by various ana-
Iytic techniques.”” These analytic approaches are often more
effective when performed on images that have been standard-
ized such that the pixel values have clear meaning and are
reproducible.”" A number of efforts are in place in this direc-
tion, notably the Quantitative Imaging Network sponsored
by the US NIH."”

Finally, a major challenge relates to what in some cases
may be an overzealous preoccupation with privacy. While
protection of patients should always be paramount in health-
care and medical research, most patients want to contribute
to improvements that will help others in the future. Reason-
able policies and an effective environment that addresses
concerns regarding data security and privacy while allowing
more flexible access to data are sorely needed if medical
research is to flourish and bring forth those improvements.
For example, greater ease in linkages to disease outcomes
such as cancer registries, death registries, etc. is required and
realistic risk: benefit assessments should take the place of
rigid, restrictive policies that benefit nobody. Especially
when the incidence of certain conditions is low or when spe-
cific subsets (race, age groups, comorbidities, etc.) are of
interest, adequate numbers of cases and images to conduct
meaningful studies can only be accrued through multi-insti-
tutional studies. Therefore, effective and practical mecha-
nisms to allow safe sharing of such data across institutional
(and in some cases, international) boundaries would be of
enormous value in moving research forward.
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