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Franklin D. Roosevelt said "Competition has been shown
to be useful up to a certain point and no further, but
cooperation, which is the thing we must strive for today,
begins where competition leaves off."

Competition is an extraordinarily powerful driving
force for innovation, improvement, and success. As far
back as 776 BC, the Olympic Games have inspired ath-
letes to ever greater levels of performance. Evolutionary
biologists believe that competitiveness has coevolved in
humans along with the struggle for survival (1).

The machine learning community in particular has
taken advantage of the power of competition by issuing
challenges, such as the annual ImageNet Large Scale Vi-
sual Recognition Challenge, which uses the more than
14 million hand-annotated color photographs from the
ImageNet database. Kaggle, a company recently acquired
by Google, has sponsored hundreds of machine learning
competitions involving thousands of participants who fre-
quently publish their winning strategies in academic jour-
nals and are awarded prize money in return for “a world-
wide, perpetual, irrevocable and royalty-free license.”

The Radiological Society of North America (RSNA)
machine learning committee launched the RSNA Pediatric
Bone Age Machine Learning Challenge and publicly rec-
ognized the teams that created the best-performing algo-
rithms at the 2017 RSNA Annual Meeting. In this issue of
Radiology, Halabi et al (2) describe the competition and
its aims to demonstrate an application of machine learning
in medical imaging, to promote “collaboration to catalyze
artificial intelligence model creation,” and to “identify in-
novators in medical imaging.” The RSNA challenge used
medical images, clinical reports, and the evaluation of four
pediatric radiologists from data already collected in a study
by Larson et al (3) that was designed to demonstrate the
application of deep learning to predict the bone age of a
child by using a radiograph of the hand.

An annotated training data set consisting of 12611 pe-
diatric hand radiographs was made available to competi-
tors. The annotation included an expert consensus estimate
of bone age and sex. Most contestants used a specific type
of machine learning known as deep learning, which uses
a convolutional neural network. The training data set was
supplemented by an annotated validation data set of 1425
images that was designated to allow competitors to assess
the accuracy of the algorithms that they developed from
the training images. Finally, a test data set of 200 images

without annotation was used to compare the accuracy of
the algorithms developed by each team. There were 48
unique teams for a total of 105 contestants.

Ground truth in the study (3) was established with
inputs from four radiologists, including a second inter-
pretation by one of the radiologists 1 year later, as well as
the original report. All of these interpretations used the
Greulich and Pyle atlas matching method (4) and were
combined by using a weighting factor that took into ac-
count the estimated relative accuracy of the radiologists, as
judged by the other interpretations.

The individual performance of pediatric radiologists
was judged by determining their mean absolute differ-
ence (MAD) from a weighted consensus score, with
MADs ranging from 5 to 7 months for the four read-
ers. In comparison, the 10 best machine learning teams
achieved MADs with a narrow range of 4.265-4.907
months, with the three best entries separated by a remark-
ably thin margin of 3.5 days (2). All of the top 10 entries
outperformed the machine learning model described in
the original study (3) from which the data sets were de-
rived and which had an MAD of slightly more than 6
months. When the results from the second- and fourth-
place teams were combined, MAD improved to 4.00.

There were multiple common themes in the machine
learning approaches used by the top five challenge win-
ners, and all except the fourth-place team used deep
learning. One theme was the use of data augmentation,
in which data sets are increased in size by adding variants
of images to the data set. These include flipping the im-
ages horizontally, vertically, or obliquely; applying image
filters; and adding noise. Another theme was preprocess-
ing, which could include a task to break up the hand im-
ages into subcomponents, such as fingers, metacarpals,
and joint spaces. Finally, many teams created multiple
algorithms that they teamed together to achieve a higher
accuracy than could be achieved with any one algorithm
alone. Multiple algorithms in combination in machine
learning are termed ensembles.

There are many additional lessons from the RSNA
Machine Learning Challenge. An important point that
is usually ignored by the media and often by authors of
machine learning articles is the fact that the radiologists
typically are given a subtly different task than the deep
learning or artificial intelligence algorithm. The clinically
oriented task for the radiologists who set the reference
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standard was to simply determine the best match for a given
radiograph by using the atlas. This differs from the task for the
machine learning algorithm, which was to guess the expected
mean weighted score of the radiologists for a given radiograph.
For example, if a radiologist knows that Alice the radiologist
usually guesses high, he might change the prediction of the
mean score in that direction. However, the radiologists are not
asked to predict the MAD and are thus at a disadvantage when
they are compared with the machine learning algorithms. An-
other challenge that has been well described in the literature (4)
is the substantial difference in bone age estimation between the
atlas matching method of Greulich and Pyle and other meth-
ods, such as the Tanner-Whitehouse method. This is partly due
to the fact that Greulich and Pyle studied American children
of high socioeconomic status in the 1940s, while Tanner and
Whitehouse studied Scottish children of low socioeconomic
status in the 1950s. It is probable that a database derived from
an ethnically diverse population in 2019 of children whose dis-
ease likely manifests earlier in puberty would also differ greatly
from those older less diverse databases. This raises the question
of the optimal approach for a data set and validation for the
development of a commercial version of the bone age software
for use in the United States and other parts of the world.

The extremely small margin between performance of the
five best methods raises several interesting questions: Have we
reached the limitations of the granularity of the atlas method
itself for bone age or have we reached a plateau in deep learn-
ing in diagnostic imaging where incremental advances in the
technique provide minimal improvement on performance? Or,
as Somers asks in the MIT Technology Review, is artificial in-
telligence riding a one-trick pony (5)? Will methods emerge
in the next 5-20 years that would be able to substantially im-
prove on the performance from the data set used in the RSNA
challenge? Should we aggressively encourage the development
of novel approaches to create more effective and efficient al-
gorithms from images? Will revolutionary breakthroughs in
hardware and software, such as quantum computing, which
holds the promise of speeding up computation by many orders
of magnitude, have any effect on image analysis?

In conclusion, the inaugural RSNA Machine Learning
Challenge was successful in meeting its goals to demonstrate
machine learning in medical imaging, catalyze model creation,
and recognize innovators. The selection of pediatric bone age

Radiology: Volume 290: Number 2—February 2019 a radiology.rsna.org

Siegel

determination worked very well on multiple levels to achieve
those aims and to demonstrate the potential to advance re-
search in machine learning by sharing a common data set and
goal. This task is particularly well suited to machine learning
because of the relatively well-defined nature of the quantita-
tive assessment of bone age and relative consistency and sim-
plicity of the anatomy of the digital radiographs of the hand.
Consequently, the use of machine learning to determine bone
age of a pediatric hand radiograph has been the subject of
hundreds of research papers over the past 20 years. It is also a
relatively tedious, repetitive, and time-consuming job from a
clinical perspective that makes it a good candidate for clinical
implementation. Finally, and most importantly, it provides a
compelling example of the research potential associated with
the sharing of raw data in a published article with the research
community to allow novel and innovative ideas and incremen-
tal improvements. Underscoring this was the improved per-
formance achieved when the authors combined the second-
place (deep learning) and fourth-place (conventional machine
learning) teams that resulted in an accuracy that surpassed that
of the first-place team. This sharing of raw data is commonly
described in other specialty journals, such as the journal of the
Optical Society of America, which encourages authors to upload
data sets to their portal as supplemental materials. This could
serve as an excellent model for the diagnostic imaging com-
munity’s journals and their authors and could provide a way to
make the transition from competitions, such as those described
by Halabi et al, to an enduring culture in which researchers fa-
cilitate innovation and creativity in their colleagues by sharing
their work. As President Roosevelt aptly observed, cooperation
begins where competition leaves off.
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