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Abstract

Advances in radiomics and machine learning have driven
a technology boom in the automated analysis of radiol-
ogy images. For the past several years, expectations have
been nearly boundless for these new technologies to
revolutionize radiology image analysis and interpreta-
tion. In this editorial, I compare the expectations with
the realities with particular attention to applications in
abdominal oncology imaging. I explore whether these
technologies will leave us at a crossroads to an exciting
future or to a sustained plateau and disillusionment.
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Recent advances in computer science have led to dra-
matic improvements in automated radiology image
analyses [1, 2]. Whereas in the past it could take several
years to design, build, and perfect a computer system to
do computer-aided diagnosis for a particular type of
radiology image, using the latest software tools, it is now
possible to develop such systems in a matter of months.
In addition, the level of expertise required to design such
a system has dropped dramatically. Interested re-
searchers can download machine learning authoring
software that makes the process efficient and relatively
painless. The underlying machine learning technologies
continue to improve and the latest advances are generally
widely and publicly available.

How has all of this affected radiomics and machine
learning of abdominal oncology imaging? First, it means
that many new diseases and therapies can be studied
using machine learning and radiomics [3, 4]. Second, it
means that the priorities have shifted to a demand for
well-annotated images rather than a need for sophisti-
cated mathematics and software. Third, it means that
existing labeled data sets can be repurposed to develop
systems to perform automated diagnosis for various
radiology image analysis tasks.

Fourth, it means that holistic techniques that can ana-
lyze the whole scan for a multitude of abnormalities are
becoming available [5]. This last point is an interesting one.
In the past, combining CAD systems was unattractive be-
cause high aggregate false positive rates from the systems
would lead to inefficiency and a perceived lack of clinical
relevance.The latest systemspermit anarbitrarynumber of
diagnostic predictions to be made for each image.

However, with all of the remarkable advances that
have occurred in just the past few years, there are worri-
some signs that progress is reaching a plateau. Many
radiology researchers are using the same radiomics and
machine learning technologies to address different clinical
problems [6]. Radiomics texture analyses have become
commonplace and typically use the same set of texture
features. Such analyses frequently report positive results
but reproducibility by independent groups is lacking [7].
The improvements in performance as measured by sensi-
tivity and specificity have stalled for many applications.
False positive rates for automated detection are generally
still toohigh, exceeding one false positive per patient exam.
Segmentation accuracy using machine learning struggles
to reach Dice similarity coefficients in the mid 80% range
for more challenging organs and lesions [8, 9].

Current data indicate that in general even the best
machine learning systems do not yet perform at the level
of a radiologist. However, if clinical image analysis
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Fig. 1. Example of colitis detection on abdominopelvic CT. The color code indicates the colitis score, with higher scores
indicating a greater likelihood of the presence of colitis. Reproduced from Ref. [18].

Fig. 2. Example of an automated deep learning-based
lymphadenopathy detector for abdominopelvic CT. The
example shows how three orthogonal planes are taken
through a left paraaortic lymph node candidate. The three

planes are scaled and stretched to augment the dataset
for training the deep learning system. Reproduced
from [28].
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problems are sufficiently narrowly defined, it is possible
to achieve physician-level performance for some tasks
such as skin lesion classification and assessment of retinal
fundus photographs for diabetic retinopathy [10, 11].
Similar narrowly focused radiology tools have reached
radiologist level performance, such as tuberculosis
detection on chest radiographs and bone age estimation

on pediatric hand radiographs [12, 13]. There are still few
examples of physician-level performance in radiomics
and machine learning for abdominal oncology imaging.

Can we expect machine learning performance to
continue to improve? While the level of hype about deep
learning has led various commenters to claim that gen-
eral artificial intelligence is on the horizon, the data now

Fig. 3. Example machine learning-based system to detect
cancer onmultiparametric prostateMRI.AFlowchart ofmethod
showing how T2WI, ADC map and high b-value image are
analyzed to yield malignancy probability map. B 74-year-old
patient with a cancerous lesion in the left apical midperipheral

zone (Gleason 9). T2WI, ADC map and high b-value image,
annotation, probability map, feature-based CAD output. The
probability map from the random forest machine learning-
based detector identifies the cancer better than does the
feature-based CAD output. Reproduced from [36].
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support a relatively slow or gentle slope of improvement
in radiology automated image analyses. With particular
attention to abdominal oncology, there are many chal-
lenges that still need to be addressed.

The use of radiomics and machine learning to predict
patient outcomes is still in its infancy. A number of
works have investigated specific tumors and therapies. In
some cases, radiomics and machine learning analyses can
predict which patients have greater or lower likelihood of
long-term survival [14, 15]. There are many tumors and
therapies and combinations thereof, and only a tiny
handful of these have been investigated. It would be ideal
if such data were made widely available upon collection
so that investigators who have already devised survival
prediction software could apply their technology to the
latest clinical data and therefore accelerate clinical deci-
sion-making.

The use of radiomics and machine learning for disease
detection is at a somewhat more advanced stage. For
abdominal oncology, many tools have been developed
for identifying lesions in the liver, kidney, bladder, and
bone [4]. Aside from CT colonography for colorectal
cancer screening, little work has been done on automated
bowel oncology lesion detection. Early work has been
done on localization of small and large bowel on CT [16,
17]. A recent paper has shown how colitis may be
accurately detected, a common complication found in
patients undergoing certain oncology therapies [18]
(Fig. 1).

Lesion segmentation is another area amenable to
radiomics and machine learning. Automated segmenta-
tion has been applied widely to abdominal organ seg-
mentation as a prerequisite to lesion detection and
segmentation. Liver lesion segmentation is one of the
most well studied of the software tools [19–22]. Some
work has been done in bone lesion segmentation [23–25].
Early work has been done on detection of subcutaneous
metastases in melanoma [26]. Bladder lesion segmenta-
tion has been conducted as part of a project to evaluate
automated detection and therapeutic response [27]. Deep
learning has improved abdominopelvic lymphadenopa-
thy detection and segmentation [28–30] (Fig. 2). Public
datasets are available for researchers interested in
developing lymph node detectors [31]. Little work has
been done at automatically detecting peritoneal, muscu-
lar, gynecologic, and prostatic lesions on CT [32]. Pros-
tate MRI lesion detection and segmentation have been
relatively better studied, with lesion segmentation being
in a more nascent stage of development [33–36] (Fig. 3).

How can we move forward? At this stage, multi-in-
stitutional data collections with labels provided by mul-
tiple trained observers are highly desirable. There are still
challenges with getting institutions to make clinical
images available. There are also considerable challenges
getting sufficient expert annotations although some early

progress is being made [37]. Funding bodies have been
somewhat reluctant to fund projects primarily focused
on creating a data corpus. However given the relative
ease of performing the analyses once data are in hand,
focus may need to shift to creating such collections.
Approaches to improve the efficiency and lower the cost
of annotation (e.g., crowdsourcing) would be highly
desirable research directions.

Most large hospitals have PACS systems loaded with
images from oncology patients. Images and accompa-
nying reports can be collected and aggregated with those
from other institutions. Text mining of the reports can be
combined with radiomics and machine learning of radi-
ology images to train software how to detect abnormal-
ities in test images. Lesion measurements, particularly
those done for RECIST purposes, can be mined from the
PACS and used to train systems to perform lesion
detection [5]. Such data are already collected and can be
easily mined to produce disease-detecting systems.
Whether such easily accumulated data can be used to
produce high-performing systems is still an open research
problem.

Whether progress in the application of radiomics and
machine learning to abdominal oncology imaging is at a
crossroads or a plateau will depend to a great extent on
how researchers surmount these challenges. If commu-
nity backing can be obtained for large-scale multi-insti-
tutional data collection and labeling, then we are at a
crossroads leading to the potential for amazing progress.
However, if such collections cannot be obtained, then we
may remain stuck at a broad plateau for the foreseeable
future. It is in the best interests of both our patients and
our profession that we work together to ensure that
progress continues unabated.
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