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Abstract
Radiomics, machine learning, and, more generally, artificial intelligence (AI) provide unique tools to improve the performances
of nuclear medicine in all aspects. They may help rationalise the operational organisation of imaging departments, optimise
resource allocations, and improve image quality while decreasing radiation exposure and maintaining qualitative accuracy. There
is already convincing data that show AI detection, and interpretation algorithms can perform with equal or higher diagnostic
accuracy in various specific indications than experts in the field. Preliminary data strongly suggest that AI will be able to process
imaging data and information well beyond what is visible to the human eye, and it will be able to integrate features to provide
signatures that may further drive personalised medicine. As exciting as these prospects are, they currently remain essentially
projects with a long way to go before full validation and routine clinical implementation. AI uses a language that is totally
unfamiliar to nuclear medicine physicians, who have not been trained to manage the highly complex concepts that rely primarily
on mathematics, computer sciences, and engineering. Nuclear medicine physicians are mostly familiar with biology, pharma-
cology, and physics, yet, considering the disruptive nature of AI in medicine, we need to start acquiring the knowledge that will
keep us in the position of being actors and not merely witnesses of the wonders developed by other stakeholders in front of our
incredulous eyes. This will allow us to remain a useful and valid interface between the image, the data, and the patients and free us
to pursue other, one might say nobler tasks, such as treating, caring and communicating with our patients or conducting research
and development.
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Introduction

BPeople should stop training radiologists now. It’s just
completely obvious within five years that deep learning is
going to do better than radiologists. It might take ten years,
but we’ve got plenty of radiologists already. I said this at a
hospital, and it didn’t go down too well^ (https://www.reddit.
com/r/medicalschool/comments/6nlgta/ai_expert_stop_

training_radiologists_your_thoughts/). These words, uttered
by Geoffrey Hinton during a meeting in November 2016,
sent shockwaves through the medical imaging community.
Indeed, Hinton is not your usual pundit. He is a renowned
cognitive psychologist and computer scientist and
considered the Bgodfather of neural networks^. Ever since
this statement, those involved in the field of artificial
intelligence (AI) have gone to great length to soften the stance
when debating its impact on the practice of radiology.
Nowadays, the motto is no longer BAI will replace
radiologists^, rather, Bradiologists using AI will replace those
who don’t^, which is much more politically correct and might
likely lead to better business opportunities.

So, why should I be a nuclear medicine physician (or a
radiologist)? Let us first consider what exactly is the job of a
nuclear medicine physician, and, second, let us try to envision
how, for better or worse, AI will affect this job. There are no
easy answers to these questions, since, to quote Hinton again,
BIt is very hard to predict beyond five years in this area and
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things always turn out differently to what you expect^ (https://
www.telegraphcouk/technology/2017/08/26/godfather-ai-
making-machines-clever-whether-robots-really-will/).

According to the definition provided by the European
Union of Medical Specialists, BNuclear Medicine is a branch
of medicine that uses unsealed radioactive substances for di-
agnosis and therapy…. The procedures within the scope of
this definition include in vivo imaging with radiopharmaceu-
ticals, correlative/multimodality imaging, radionuclide-
guided surgery, dosimetry, therapy with radioactive sub-
stances, techniques related to nuclear physics in medicine, as
well as the medical applications of radiobiology, in vitro pro-
cedures and radiation protection^ (http://uems.eanm.org/
index.php?id=39). Our specialty is wonderfully diverse,
structured by and relying primarily on radiopharmaceuticals,
hence on biology, and cannot be reduced to image viewing or
image interpretation. Considering the diagnostic aspects of
nuclear medicine, we have to deal with functional images
that could be dynamic, static, whole-body, tomographic, and
often a combination of the above. Increasingly, these
functional images are associated with radiological images,
usually computed tomography (CT), but not exclusively.
Thyroid ultrasound, for example, is widely performed by
nuclear medicine physicians, and magnetic resonance
imaging (MRI) has entered our field through positron emis-
sion tomography (PET) / MRI, albeit essentially in a research
setting. Whether these radiological images are fully
interpreted or merely serve as adjuncts to the functional im-
ages, nuclear medicine physicians have gained increased fa-
miliarity with this aspect of medical imaging. For all intents
and purposes, the effect of AI is likely to be very similar in
both nuclear medicine and radiology with regard to their di-
agnostic applications. Beyond the images, however, we also
extract functional information expressed in clinically mean-
ingful values, such as the glomerular filtration rate, the left
ventricular ejection fraction, and the gastric emptying rate.
The therapeutic applications of nuclear medicine are numeri-
cally smaller than their diagnostic counterpart, but this field
has seen recent clinical and scientific developments and con-
stitutes an important component of nuclear medicine’s future.
Indeed, the demand for radioisotopes is increasing 5% annu-
ally (http://www.world-nuclearorg/information-library/non-
power-nuclear-applications/radioisotopes-research/
radioisotopes-in-medicine.aspx).

AI will be helpful even before the nuclear
medicine physician starts looking at an image

Although data remain very scarce, AI could help streamline
the workflow and, possibly, increase patients’ safety.
Analysing patients’ electronic medical records may, for in-
stance, help predict no-shows, and thus better target patients,

who should be more actively reminded of their appointment
[1, 2]. This could be of particular interest in nuclear medicine,
where radio-isotopes are a highly valuable resource with, by
definition, a limited shelf life. Similarly, machine learning and
text-mining could help screen patients at risk [3].

It appears increasingly likely that AI, and in particular deep
learning, will become routinely implemented in PET image
generation. One of the aims would be to decrease patients’
exposure by lowering the injected activity while maintaining
image quality and quantitative accuracy [4] or using pseudo-
CT data for attenuation correction [5]. The potential is real for
AI methods to contribute to better organisation of nuclear
medicine departments and optimise resources. As always with
AI at this stage, the operative word is Bpotential^, because
only feasibility studies are currently available.

AI will improve the diagnostic accuracy of our
tests

Fluorodeoxyglucose (FDG) PET/CT is a success story for
nuclear medicine, and it is widely integrated in clinical algo-
rithms, especially in oncology, where it is strongly supported
by high-level evidence [6]. Of course, even in the diseases
where it is considered a cornerstone of the diagnostic work
up, there is room for improvement in terms of diagnostic ac-
curacy. For instance, FDG PET/CT is widely recommended
for the preoperative staging of non-small cell lung cancer, yet
the overall sensitivity and specificity for mediastinal nodal
assessment are 77.4–81.3% and 90.1–79.4%, respectively, de-
pending on the criteria defining positivity [7]. For assessing
nodal status in head and neck cancer 6 months after treatment,
the sensitivity is 85% (76–91%), and specificity 93% (89–
96%), and with the prevalence set at 10%, the negative pre-
dictive value is almost perfect (98%), but the positive predic-
tive value is 58% [8]. The point being made here is not to
undercut the clinical value of FDG PET/CT, but to illustrate
that even in clinical situations where the technique is very well
implanted with a clinical evaluation based on abundant litera-
ture and clinical experience, it still might be possible to further
improve the accuracy. Similarly, myocardial perfusion imag-
ing with single photon emission computed tomography is
widely used for the diagnosis of obstructive coronary artery
disease, yet, with reported sensitivity and specificity of 88%
and 61%, respectively, it is not as if the performances could
not be improved [9]. Technological hardware developments,
such as CT-based attenuation correction or Cadmium Zinc
Telluride detectors may help, but not to the point where further
progress should not be sought [10, 11].

Diagnostic accuracy could be improved in essentially two
ways: increasing the detection of anomalies and improving the
characterisation of these anomalies. In the fields of radiology and
pathology, there is already ample evidence supporting the
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effectiveness of AI in these tasks [12–14]. In nuclear medicine,
results are scarce and remain highly preliminary, but they are
encouraging, whether it concerns PET/CTwith FDG [15], other
tracers [16, 17], or single-photon emission computed tomogra-
phy (SPECT) [18, 19]. Cognitive decline related to Alzheimer’s
disease is associated with patterns of impaired brain glucose
metabolism, which are, in the clinical setting, visually assessed,
sometime with the help of statistical mapping or other quantita-
tive analyses. Choi et al. recently proposed to develop an auto-
matic image interpretation system based on a deep convolutional
neural network (CNN) [17]. Such method does not require man-
ually defining image feature extraction, and used images that
were not further processed in terms of spatial normalisation or
segmentation for instance. Combining the information extracted
from FDG and Florbetavir studies, an amyloid tracer, conversion
to Alzheimer’s disease from minimal cognitive impairment was
predicted with an accuracy of 84.2%, which compared
favourably to other quantitative methods currently available.
This is an example of a diagnosis that is automatically provided
by an algorithm, with very minimal involvement by the
physician.

In FDG PET, the area under the curve (AUC) for
characterising solitary pulmonary nodules has been reported in
the range 0.87–0.94 [20, 21]. Using deep learning, the AUCwas
0.989 for distinguishing lung cancer patients from normal FDG
PET/CTstudies [22]. The questionwas asked in a binary fashion,
i.e. cancer/non-cancer. TheAUC remained extremely high (0.97)
in images reconstructed using 3.3% of the counts, which in the
clinical setting could translate into very low injected activity. As
with most of these studies, the results must be taken with a grain
of salt, because only 100 patients, including 50with lung cancers
(23 with stage IV disease), were studied.

AI will improve the diagnostic accuracy of our
readers

The diagnostic accuracy reported in the literature is obtained
through prospective or retrospective studies. In the latter case,
images are often re-examined in prospective fashion. Those
studies do not faithfully reflect the diagnostic accuracy as
observed in actual clinical practice, where accuracy may be
lowered by degradations in image quality or in image inter-
pretation. In a recent survey, referring clinicians perceived a
misinterpretation, most often overinterpretations, of the find-
ings by the reporting physician in 5–20% of oncological FDG
PET/CT studies [23]. Physicians, including nuclear medicine
physicians, are not infallible, they do make errors. An error
can be defined as a Bmistaken decision^ or, more precisely, Ba
commission or an omission with potentially negative conse-
quences for the patient that would have been judged wrong by
skilled and knowledgeable peers at the time it occurred, inde-
pendent of whether there were any negative consequences^

[24, 25]. The error rate in radiology and nuclear medicine is
obviously difficult to ascertain, but it has been reported that
4% of routine radiologic interpretations contain errors [25].
The most common errors are perceptual and interpretative:
anomalies are not recognised as such or are mistakenly
interpreted. Sources and causes of errors are multiple and have
been thoroughly studied [26]. Overburden of work leading to
fatigue and lack of attention is a leading source of errors, but
other, more trivial, factors may also contribute. For instance,
interruption of a radiology resident’s work by phone calls
tends to decrease their diagnostic accuracy [27]. Computer-
aided detection or diagnosis, which is entirely different from
AI, has been proposed as an adjunct with recall rates up to
12% in the context of mammography screening [28].
Interestingly, radiologists in that study ignored the majority
of the correct computer prompts. Peer review is another effec-
tive way to improve diagnostic accuracy, but it comes with a
cost that is often not sustainable [29, 30]. In radiology, i.e.,
radiographs, CT, and MRI, double reading leads to highly
variable discrepancy rates from 0.4% to 22% [31]. With
FDG PET/CT, 13% of the studies reviewed by a sub specialist
as a second opinion in an outside hospital saw their diagnoses
correctly modified in the majority of cases [32]. Even when
applied in a rigorous and appropriate fashion, the current
methods may show major limitations. A recent study showed
that in more than half of the cases, experienced readers select-
ed different, yet valid, target lesions on baseline CT. This leads
to very poor agreement for classifying disease evolution ac-
cording to RECIST 1.1 criteria [33].

Obviously, computers are not bothered by phone calls, and
deep learning algorithms are unaffected by fatigue or mood
swings. Hence, their diagnostic accuracy, as reported in the
literature, should be achievable in clinical practice, provided
the patient populations are similar. No definite data are avail-
able regarding this aspect, but preliminary attempts at
analysing myocardial SPECT studies and generating struc-
tured reports using AI are quite encouraging [34].

AI will enhance the clinical impact of our
techniques

Imaging studies are conducted for a specific purpose in a
context unique to the patient being investigated. Limiting the
scope of AI to image acquisition and interpretation would
artificially limit its impact on patient care, since it surely could
extend well beyond. Considering the patient as a whole and
combining clinical data, medical history, and radiomic fea-
tures collected from various imaging studies along with bio-
logical, and possibly genomic, transcriptomic, and
metabolomic through deep learning could lead to unique sig-
natures that are eminently desirable in the perspective of pre-
cision medicine. We are not there yet, but the concepts are in
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place, and the methodology is being defined to test those
combinations in the clinical field [35, 36]. Finally, as men-
tioned earlier, therapeutic nuclear medicine is clearly
progressing, and customised dosimetry is increasingly consid-
ered as a key to improving the outcome. Yet again, AI tech-
niques are contributing to improving the process albeit with
limited but encouraging results [37].

Why should I be a nuclear medicine physician
in this context?

Basically, we are being told that AI will take care of organising
our departments and scheduling our patients, define the most
appropriate acquisition and reconstruction parameters, inter-
pret the images and their quantitative substrate without being
interfered with by non-medical issues, and put everything in
the appropriate context for optimal decision-making and man-
agement. How the physician fits into this picture is not
completely apparent, but there are emerging answers.

The first is the timeline and the validation of the processes.
We currently see many promises and unlimited perspectives but
very few hard facts. In this article, the term AI has been used in
a generic fashion, since it refers to all the processes by which
the computer mimics Bcognitive^ functions that humans asso-
ciate with other human minds. As discussed elsewhere, ma-
chine learning is one type of AI, and it includes many different
methods such as random forests, support vector machines,
Bayesian networks, neural networks, etc. (see also the article
of Visvikis et al. in this supplement). Deep learning is an ad-
vanced form of machine learning with the capability of
analysing the entire image without the need for manually or
semi-automatically identifying and segmenting lesions or areas
of interest for features extraction. However, it requires very
large datasets for testing and validation. Most studies to date
have tested one particular method to answer a very specific
question. For instance, Kirienko et al. used linear discriminant
analysis (LDA) to solve the following problem: BIs this hyper-
metabolic lung lesion a primary tumour or metastasis?^ The
AUC and accuracy in the validation set were 0.91 and 81.7%,
respectively, which is quite impressive [38]. Hsu et al. used
random forest analysis to solve the following problem:
BConsidering the areas of high FDG uptake on whole-body
studies, are these normal structures or tumours?^ [39].
Normal tissues were recognized with a 90% accuracy, which
is equally impressive. However, there are very few side-by-side
comparisons of the various ML approaches such as that per-
formed byDeist et al. [40]. Considering themultiple indications
of imaging tests, we would need to systematically and thor-
oughly evaluate several algorithms for each indication in order
to identify the most appropriate in each case. It is unlikely that
one size would fit all, so packages will have to be developed
following extensive validation. One must also consider the

additional findings frequently observed in imaging studies
and reported by the nuclear medicine physicians. Such findings
might be irrelevant with respect to the precise clinical indication
of the test, but they could be very relevant to the patient’s
management, and they should, therefore, be recognised. Let
us consider a frequent indication, e.g. characterisation of a sol-
itary pulmonary nodule with FDG PET/CT. We would use an
algorithm designed to solve the problem Bis this lung nodule
benign or malignant?^. If the patient also presents with a focal
colonic uptake that is left aside and not appropriately reported
(adenoma? Early-stage primary?), the end-result of the PET
study should be regarded as a failure, even though the problem
was solved with a near-perfect accuracy.

Although it is difficult to know what the end of the road will
look like, the most likely path would be for the physician to
progressively alter the way he/she performs and interprets im-
aging and nuclear medicine studies. This gradual process im-
plies integrating AI toolboxes the way other computer-driven
changes have been integrated in the past. Considering FDG
PET in solitary pulmonary nodules, we started looking at
non-attenuation corrected images in essentially a visual, binary
fashion. We then evaluated whether semi-quantitative measure-
ments such as the standardized uptake value (SUV) could help,
and, finally, we automated segmentation tools of the CT image
at our disposal for precise nodule size measurement, which we
can combine with the visual assessment of the metabolic activ-
ity using a score relative to the background. If we follow the
recommendations of the British Thoracic Society, we can easily
add these findings to other relevant clinical and imaging data
through a predictive model and provide clinicians with a like-
lihood estimate of malignancy [41]. This approach is the ulti-
mate development of the conventional image analysis and di-
agnostic algorithm: first, identify an anomaly; second, charac-
terise it using visual metrics (size, activity); third, combine these
simple metrics with other known predictive factors (age, gen-
der, location, smoking history, speculation, etc.) using non-
learning predictive models, in this case the Brock and the
Herder models [42, 43]; fourth, draw a conclusion. Most often,
we do not go that far. We just mentally compute probabilities
according to the imaging characteristics that we are able to
recognise and the clinical information of which we are aware.
Both are highly variable. The former, the imaging characteris-
tics, currently depends on features recognised by the human
eye, and performances do vary greatly from one observer to
another according to the level of experience and expertise,
and they also vary within a single observer depending on their
level of attention. The latter, the clinical information, depends
on the quality and exhaustiveness of the information provided
by the referring physician, the quality and quantity of informa-
tion that could be obtained from the patient, and the access to
the patient medical record including previous studies. Surely, as
physicians primarily concerned with the well-being of our pa-
tients, we would welcome anything that would reliably
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streamline the processing of the information, both clinical as
well as that obtained in the imaging study. Of course, as physi-
cians ultimately responsible for the information provided to the
clinicians, we also want to exercise our best judgment when
writing the report. From that perspective, the short-term future
could not be brighter for nuclear medicine physicians/radiolo-
gists. Many additional tools will be added to our already rich
armamentarium, tools that will improve image quality and re-
duce patient exposure. We can envision an AI-augmented clin-
ical practice of nuclearmedicine. The interpretation processwill
be systematised so that error rates will be reduced. Additional
and original information will be extracted from diagnostic stud-
ies and also help individualise the treatments with radiophar-
maceuticals. Physicians will remain in charge, but with a re-
duced workload and thus more time to devote to human tasks,
i.e., prospective thinking especially for further research and
development and privileged contacts with clinicians and pa-
tients. The benefit of the later, i.e. more time with patients is
self-explanatory, but the importance of the former, i.e. research
should not be overlooked. Indeed, as defined earlier, nuclear
medicine is based upon radiopharmaceuticals. Progress in nu-
clear medicine does not only stem from enhanced spatial reso-
lution, shorter examination time, lower radiation dose, im-
proved quality and robustness of the interpretation, it is also,
and more importantly so, derived from new radioligands
targeting the most relevant biological phenomena. Increased
time and resources devoted to interdisciplinary work aimed at
bridging basic sciences such as molecular biology, genetics, etc.
to unmet clinical needs through the development and validation
of new radiotracers and therapeutic agents should be extremely
welcome. This could give us a unique opportunity to further
develop our techniques and establish their clinical effectiveness.
Of course, this will be possible only if we remain ourselves, as
medical specialists, relevant players in the field.

There are still issues to be resolved. One is the realm of the
physician oversight. The decision comes with the responsibil-
ity, and the physician will always be able to overrule the re-
sults provided by an AI algorithm, just as he/she frequently
discards CAD prompts even when they are correct. In other
words, one will have to figure out the tipping point where the
physician’s decision might become nefarious. Another issue
stems from the beauty of the beast itself: potentially it could
learn and self-improve endlessly. Further data fed into the
algorithm may improve the output again and again.
Regulatory agencies will be put in the position of approving
and possibly reimbursing tools that will continue to evolve
after their marketing authorisation and actual clinical imple-
mentation. This is not a problem if we are sure that this evo-
lution is for the better and if the self-improvement is sustained
and not replaced by degradation in diagnostic performances.
Continuous verification processes will need to be established,
very much like quality controls performed on imaging and
counting devices.

There will be a lengthy period of testing and validation,
which will allow those of us who are willing to accept and
promote those changes and learn the AI language and rules to
play around with these new tools. This validation period and
the early clinical implementation phase should be very excit-
ing for everyone interested in the combination of new tech-
nologies and patient care, which includes most of us.
Physicians must then enter the game, because progress in this
field is currently advanced primarily by computer and other
scientists, who are not trained in patient care.

The trick

Is everything really so neat and tidy? Most commentaries tend
to embrace and integrate AI in the field of radiology and
nuclear medicine and project an overall positive picture of
AI entities deeply embedded in our daily practice, but under
our control, much like a bright and reliable assistant [44–46].
It is true, that considering the enormous work represented by
the validation process, which is mandatory for an AI algo-
rithm to be integrated as a recognised clinical tool, this will
take quite some time, at least if we do it the usual way:
collecting data in single centres or in limited numbers of cen-
tres in the rare occurrences of multicentre studies, painstak-
ingly tagging the imaging data with the appropriate clinical
data in terms of endpoints, trying to also associate medical
conditions that could influence the imaging results, and hope-
fully collecting other relevant data such as genomics, etc. All
this should be performed with the utmost care and attention,
because the quality of the input data (the ground truth) greatly
impacts the reliability of the output. This is particularly true
considering the current methodology: start with a narrow
question, i.e., develop an algorithm to accomplish a narrow
task with the purest cohort, validate it in a distinct but still very
pure cohort, and finally test it in the real world. In order to
achieve a comprehensive evaluation of the information
contained in an imaging study, we would have to repeat the
operation with multiple narrow questions and validate multi-
ple narrow algorithms. This could give us the time and oppor-
tunity to learn how to Btame the beast^ and maintain control of
the process. We would use an increasing number of AI tool-
boxes the same way we use statistical parametric mapping in
brain PET studies or comparison with normal databases in
routine myocardial SPECT, only those toolboxes would be
more potent and more reliable.

Wemay not be given this opportunity, however. AI as awhole
is nothing new, but deep learning inmedicine is less than 10 years
old. We are at the very beginning of the process, and very few
physicians, if any, have a clear view of all the capacities that deep
learning will develop. As outlandish as it might seem, data min-
ing of digitalised patients medical records could very well result
in alleviating the need for the physician-driven testing and

2712 Eur J Nucl Med Mol Imaging (2019) 46:2708–2714



validation process [47]. All agree, that patient care is based upon
a relationship between the patient and the physician and
characterised by transparency and informed decision making.
The physician should be able to explain the pros and cons of
options, possible outcomes, and eventually provide sound and
understandable advice. This is the exact opposite of the black box
effect, where we understand and choose what goes in (the input)
and what comes out the AI model (the output), but cannot ex-
plain what goes on inside the box or exactly how the results are
obtained. Common sense tells us that this black-box effect should
be avoided at all cost, but this is not so simple. This notion is
subject relative: most radiologists and nuclear medicine physi-
cians are totally incapable of explaining how a single-layer neural
network works, let alone deep-learning, and, consequently, they
will describe it as a black box. Other scientists without medical
knowledge may fully comprehend the model and could explain
the intricacies of the algorithm, it is no black-box to them. If its
validity is established, i.e., if the results lead to improved out-
come in terms of quality of life or survival, who is to say that a
patient will absolutely request a full explanation from their phy-
sician as to how the analysis was made? In any case, regarding
diagnostic radiology and nuclear medicine procedures, this is not
quite as occupationally relevant, becausewe often tend to interact
more with clinicians than with the patient. The only issue left in
this scheme is accountability, determining who is responsible for
choosing and applying the medical management. Ultimately, the
patient could very well complete their journey toward empower-
ment through a lengthy education process, guided by the barriers
put in place by centralised regulators, and partly motivated by
costs and other non-medical problems. Naturally, they would be
accompanied by a smiling face in a white coat, who would lend
the appropriate empathy.

As Niels Bohr is quoted to have said, BIt’s difficult to make
predictions, especially about the future^, so pick your own:
the bright AI-augmented but physician-controlled future, or
the dystopian nightmare. Facebook started with a noble idea,
and has become a threat to democracy and individual freedom.
One cannot discuss the current status of AI without mention-
ing the prospect, or spectre, of superintelligence, even though
this remains a more philosophical than practical question.

Conclusion

AI is rapidly taking hold in all aspects of radiology and nu-
clear medicine. The potential benefits are obvious and enor-
mous. Physicians still have the opportunity to accompany the
changes, if not lead the process entirely. If fully designing and
controlling the end-result seems an elusive goal, we can at the
very least influence the way these changes are implemented.
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