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mammograms to draw the interpreter’s
attention to areas that might be abnormal.
However, analysis of a large sample of clini-
cal mammography interpretations from the
US Breast Cancer Surveillance Consortium
registry demonstrated that there was no
improvement in diagnostic accuracy with
CAD?’. Moreover, that study revealed that the
addition of CAD worsened sensitivity (the
performance of radiologists in determining
that cancer was present), thus increasing the
likelihood of afalse negative test. CAD did not
resultinasignificant changein specificity (the
performance of radiologists in determining
that cancer was not present) and the likelihood
of afalse positive test>.

It has been speculated that CAD was not
as useful in the clinic as experimental data
suggested it might be because radiologists
ignored or misused its input owing to the
high frequency of marks on the images that
were not findings suggestive of cancer. This
outcome was attributed by some to the
limited processing power available for CAD,
which meant that comparisons with previous
imaging studies of the same person were not
possible*. Thus, CAD might mark regions that
were not changing over time and that could be
easily dismissed by expert readers. Another
factor that limited CADis thatit was developed
using the performance of human-based diag-
nosis. It was trained using mammograms in
which humans had found signs of cancer and
others that were false negatives — cases in
which humans could not see signs of cancer
although the disease was indeed present*.
Similar pitfalls could be encountered with
Al-based decision aids, too.

A system by which Al finds abnormalities
that humans miss will require radiologists to
adapttothe useof these types of tool.Imagine
asysteminwhichanalgorithmmarks adense
breast area on a screening mammogram and
the human radiologist cannot see anything
that looks potentially malignant. With CAD,
radiologists scrutinize the areas marked, and
ifthey decidethe markis probably not cancer,
they assign the mammogram as being nega-
tive for malignancy. However, if Al algorithms
are to make a bigger difference than CAD in
detecting cancers that are currently missed,
an abnormality detected by the Al system,
but not perceived as such by the radiologist,
would probably require extra investigation.
This might result in a rise in the number of
people who receive callbacks for further eval-
uation. A clinical trial would show the effect of
the Al system on the detection of cancer and
therate of false positive diagnoses, while also
allowing the development of effective clinical
practicein response to mammograms flagged
as abnormal by Al but not by the radiologist.

Inaddition, it would be essential to develop
amechanism for monitoring the performance
of the Al system as it learns from cases it
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encounters, as occurs in machine-learning
algorithms. Such performance metrics would
needtobeavailable tothose using these tools,
in case performance deteriorates over time.

It is sobering to consider the sheer vol-
ume of data needed to develop and test Al
algorithms for clinical tasks. Breast cancer
screening is perhaps anideal application for Al
inmedicalimaging because large curated data
sets suitable for algorithm training and test-
ing are already available, and information for
validating straightforward clinical end points
isreadily obtainable. Breast cancer screening
programmes routinely measure their diagnos-
tic performance —whether cancer is correctly
detected (atrue positive) or missed (a false
negative). Some areas found on mammograms
might be identified as abnormal but turn out
on further testing not to be cancerous (false
positives). For most women, screening iden-
tifiesno abnormalities, and when thereis still
no evidence of cancer one year later, this is
classified as a true negative.

Most other medical tasks have more-
complicated clinical outcomes, however, in
which the clinician’s decision is not a binary
one (between the presence or absence of
cancer), and thus further signs and symptoms
must also be considered. In addition, most
diseases lack readily accessible, validated
data sets in which the ‘truth’ is defined rela-
tively easily. Obtaining validated data sets for
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more-complex clinical problems will require
greater effort by readers and the develop-
ment of tools that can interrogate electronic
healthrecords toidentify and annotate cases
representing specific diagnoses.

To achieve the promise of Al in health care
thatis implied by McKinney and colleagues’
study, anonymized data in health records
might thus have to be treated as precious
resources of potential benefit to human
health, in much the same way as public utilities
such as drinking water are currently treated.
Clearly, however, if such Al systems are to be
developed and used widely, attention must
be paid to patient privacy, and to how dataare
stored and used, by whom, and with what type
of oversight.
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Galaxy cluster illuminates
the cosmicdark ages

Nina A. Hatch

Observations of a distant cluster of galaxies suggest that

star formation began there only 370 million years after the

Big Bang. The results provide key details about where and when
the first stars and galaxies emerged in the Universe. See p.39

Shortly after the Big Bang, the Universe was
completely dark. Stars and galaxies, which
provide the Universe with light, had not yet
formed, and the Universe consisted of a pri-
mordial soup of neutral hydrogen and helium
atoms and invisible ‘dark matter’. During
these cosmic dark ages, which lasted for
several hundred million years, the first stars
and galaxies emerged. Unfortunately, obser-
vations of this era are challenging because
dark-age galaxies are exceptionally faint'. On
page 39, Williset al.* provide aglimpse of what
happened during the dark ages by doing some
galactic archaeology. By measuring the ages
of stars in one of the most distant clusters of
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galaxies known, the authors located galaxies
that formed starsinthe dark ages, close tothe
earliest possible time that stars could emerge.

A galaxy cluster is a group of thousands
of galaxies that orbit each other at speeds®
of about 1,000 kilometres per second. They
are prevented from flying apart by the grav-
itational pull of the accompanying dark
matter, which has the equivalent total mass
of about one hundred trillion Suns*. Astron-
omers use these clusters as laboratories for
many experiments in astrophysics, such as
measuring the composition of the Universe,
testing theories of gravity and determining
how galaxies form. Willis et al. used one of the
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Figure 1| Chronology of the Universe. After the Big Bang, the Universe consisted of a cosmic soup of
radiation and matter. About 400,000 years later, it entered an era known as the cosmic dark ages in
whichit was devoid of light. The first stars and galaxies began to emerge a few hundred million years

later, and gradually provided the Universe with light. Willis et al.? report that star formation in a distant
cluster of galaxies began roughly 370 million years after the Big Bang. The light that we see from this
galaxy cluster was emitted when the Universe was about 3.3 billion years old. The cluster is likely to have
become one of the largest structures in the present-day Universe, comparable in mass to the Coma cluster.
(Image credits: Willis and colleagues’ galaxy cluster: N. A. Hatch; Coma cluster: Russ Carroll, Rob Gendler,
Bob Franke/Dan Zowada Memorial Observatory, Wayne State Univ.)

most distant clusters known to study whenthe
most massive galaxies in the Universe began
to produce stars.

Although nearby clusters, suchasthe Coma
cluster, are easier to observe than those far-
ther away, we cannot measure their ages
precisely because the galaxies are extremely
old. Itis difficult to differentiate between, for
example,agalaxy thatis 7 billion years old and
one that is 13 billion years old®. Therefore, to
obtain a precise date for when clusters first
formed their stars, Willis and colleagues used
NASA’s Hubble Space Telescopetolook at one
of the most distant clusters they could find.

Because light travels at a finite speed, the
most distant clusters we can see are also
those in the earliest stages of the Universe
that we can see. The light from the cluster
examined by Willis et al. has been travelling
for 10.4 billion years before it reaches Earth,
which means that we arelooking ata cluster as
itwas just 3.3 billion years after the Big Bang.
Consequently, this cluster acts as a keyhole

through which we can peer into the early
Universe (Fig.1).

Willis and colleagues found that the cluster
contains several galaxies that have similar red
colours. The colour of agalaxy canbe used to
estimate its age because younger stars are
bluer thantheir older, redder counterparts. As

“The galaxy cluster acts as
akeyhole throughwhich
we canpeerinto theearly
Universe.”

aresult, galaxies that have red colours formed
their stars along time ago®. By comparing the
colours of the cluster galaxies with those of
models, the authors estimated that the stars
of these galaxies started to emerge when the
Universe was only 370 million years old. This
epochiswhenweexpect thefirststarsto have
formed in the cosmic dark ages®.
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One particularly intriguing point is that
Willis et al. identified at least 19 galaxies in
the cluster that have similar colours, which
means that the galaxies have similar ages. At
the time when these galaxies formed their
stars, they would have been well spread out,
so it isa conundrum as to why they all began
producing stars at approximately the same
time. Were they influenced by their environ-
ment? Alternatively, did the star formationin
one galaxy somehow trigger a chainreaction,
leading to star formationin nearby gas clouds?
We donot currently have the answer, but what
is clear from the authors’ work is that these
distant clusters are full of the oldest galaxies
inthe Universe.

In my opinion, Willis and colleagues’ age
estimates are the best ones possible, given
the limited data that the authors have from
the Hubble telescope. However, determining
ages fromthe colours of galaxiesis arelatively
crude method that is subject to large uncer-
tainties. For example, a young galaxy that
contains alot of astronomical dust can have
the same colour as an old galaxy containing
little dust. Therefore, although the authors’
results are tantalizing, they should be treated
with caution until NASA’s James Webb Space
Telescope (JWST) is launched in the next
fewyears.

The JWST will measure spectra of the light
emitted by these galaxies. A comparison of
the spectra with models will be amuch more
accurate way todetermine the ages of the stars
than using the colours of galaxies. Further-
more, because it is easier to measure the ages
of earlier galaxies than those of more recent
ones’, it makes sense to target galaxies in the
progenitors of these galaxy clusters in the
early Universe. Willis and colleagues’ results
make a strong case for these distant clusters
being some of the first targets that the JWST
should observe.
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