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Editorial

Artificial intelligence applied to medicine: There is an “elephant in the room”
“…..AI algorithms used for diagnosis and prognosis must be
explainable and must not rely on a black box…..”.
This strong and courageous sentence recently captured our attention:
it was stated by S Kundu, a highly reputed young scientist, in her short
editorial/letter recently published on Nature Medicine [1]. Dr Kundu
has a very intriguing profile being both a physician and a computer/
engineering scientist: despite her young age, she received several rec
ognitions being named as “one of Forbes 30 under 30, MIT Technology
Review’s 35 innovators under 35, a World Economic Forum Global
Shaper and a winner of the Carnegie Science Award” as reported in her
Wikipedia page [2]. Thanks to her rapid career, a broader public
increasingly knows her, becoming an ambassador of the need for
transparent AI in medicine. She spoke at the recent United Nations AI for
Good global summit and inspired one of its priority areas of sustainable
development Goals. She is a physician and a researcher at the Depart
ment of Radiology of Johns Hopkins University (JHU) in Baltimore, not
by chance, mostly working on AI applications in imaging. AI applica
tions to medical images currently represent a paradigmatic example of
the “lights” and “shadows” of the introduction of AI in clinical envi
ronments. The Dr Kundu’s editorial gave us the opportunity to discuss
several aspects that stay at the core of the actual process of AI intro
duction in medicine, including visions concerning how medical physi
cists may actively contribute within this complex scenario.
The lack of explainability/interpretability: An “elephant in the
room”
Consider a “well trained” AI-based model (model 1) able to estimate
the probability that a certain patient affected by a specific type of tumor
will not respond to a particular therapy. Suppose that the discriminative
power of such a model (incorporating the “hidden” contribution of tens
or hundreds of variables) has a declared (after some serious independent
validation) area under the curve (AUC) of 0.95. On the other side, for the
same clinical situation, an alternative predictive model (model 2),
including only a few features/parameters whose meaning is well inter
pretable or at least understandable, may offer the same prediction with
an AUC of around 0.85. Is there someone who doubts what model will be
preferentially chosen if the dilemma is proposed to a large group of
expert doctors? We may guess that the majority would choose model 2.
This simple and hypothetical example well describes clinicians’ absolute
preference to the possibility of “understanding” why the model they are
using works. Despite this evidence, the image of a medicine more and
more driven by AI tools that support (and maybe in the future partly
replace) the doctor in making decisions concerning the care of patients is
largely promoted in the scientific world and still more in the media and
the public. We may argue how many interests and pressures from

industry and technological players may act at various levels to push
ahead the penetration of AI in the medical field.
However, the lack of explainability of black-box AI tools emerged in
the recent literature as a relevant issue [3–7] and is increasingly debated
at different levels, including policymakers, ethics experts and
philosophers.
Notably, the European General Data Protection Regulation (GDPR)
[8] includes a first fundamental step, pointing attention to this issue and
including the right for an individual to obtain a meaningful explanation
when automated (algorithmic) decision-making is involved. This in
cludes the information on the existence of automated decision-making,
meaningful explanation of the logic involved, the significance and
envisaged consequences of such processes.
In our opinion, the recent emphasis on the road toward “explainable
AI” [9–11] should be considered as a first attempt to recognize the
presence of the “elephant in the room”. On the other hand, we are far
from having the solution: the elephant is there, and it is hard to push it
out of the room!
We propose some considerations, focusing on the position of Medical
Physics within Medicine and, likely more, in the traditional domains
where medical physicists are mainly asked to deal with AI. Hopefully,
this will contribute to better orienteering us in the current initial process
of AI implementation.
AI applications with “intrinsic usability”: Moving the elephant
out
It is out of doubt that several applications of AI may be considered as
intrinsically explainable or at least interpretable or usable. Not by
chance, they represent areas of likely more rapid implementation of AIassisted tools that promise to improve quality and efficiency in different
domains of medicine. A paradigmatic example is the AI-based automatic
segmentation for radiotherapy applications [12] and, more and more, in
imaging applications due to the growing use of quantitative information
during the diagnostic process. We can also mention the ever-increasing
applications of AI in image reconstruction, aimed to obtain images with
better contrast and resolution [13] or the spread of AI-based approaches
for radiotherapy plan optimization, shifting an increasing fraction of
manual procedures toward automation [14,15]. These are only a few
and not exhaustive examples of AI implementation, often largely
involving medical physicists, that present a high degree of selfexplainability/interpretability/usability and that should be more
easily accepted by the clinical community. Suppose a new AI-based al
gorithm is used to generate a CT image: the medical physicist and the
radiologist have the concrete possibility to compare the resulting output
of AI application against more traditional image reconstruction methods
and assess that the new way is better than the older one. Similarly, the
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few-feature models [23].

resulting segmentation of organs and structures based on previously
trained AI-based algorithms can be directly checked (and, if necessary,
corrected) by radiation oncologists usually performing this task. In
several situations, AI-based tools will clearly translate in the sparing of a
large amount of time that doctors or other professionals may dedicate to
other, less repetitive, duties: this is the case, for instance, of AI-based
segmentation and radiotherapy plan optimization. The recognition
that these tools work similarly or better than humans in such applica
tions is expected to be relatively fast, right due to the definite possibility
to validate and verify their performances in the clinical environment
extensively. Looking at this kind of applications, we may state that we
can move the elephant out of the room. This does not mean that the
acceptance will be easy and rapid everywhere, primarily due to the
associated changes in mentality, professional roles and responsibilities.
In this context, “the room” is just our mind and the process to change the
mind is never easy, especially if dealing with well-assessed practices.
Within this process, the role of medical physicists is of paramount
importance, principally as facilitators. Their role in imaging, radiation
oncology, nuclear medicine has always been associated with innovation
and implementation of new technology or new approaches [16–18]. In
line with this tradition, medical physicists will facilitate the imple
mentation of AI through rigorous validations and adaptation to local
needs, mainly thanks to their specific skills and ability to understand the
clinicians’ language and translate, in a team effort, their requests into
optimally tailored solutions [19–22].

Beyond post-hoc interpretation. Interpretability-driven models:
First build the model, then fit it to data
The dogmatic credence that AI is “superior” in modeling (large)
clinical data is unproven and basically wrong when introducing
explainability and interpretability concepts. If “superior” includes the
ability of models to be explainable/interpretable (and, as discussed, this
should be the case!), we should admit that the “best” models are the ones
based on the understanding of basic principles explaining, at least in
part, the causes of what we see. The causality, proven or supposed, is a
vital characteristic of usable and clinically accepted models. This is clear
when few mechanisms may be summarized as those that mainly cause
the effect. A quite outdated but still (to some extent) valid example is the
linear-quadratic model. We have been applying it for decades in radio
therapy, and it proved robust enough to explain most of the picture in
many scenarios when providing estimates of radiation-induced effects
on tumors and, in part, normal tissues [24]. More recent examples
include modeling tumor regression as quantified by imaging to provide
good estimates of tumor control [25] and the quantitative assessing of
hypoxia through functional imaging individually predicting tumor
radio-resistance [26]. These are well-known examples taken from the
radiotherapy field where models based on few, clear and interpretable
parameters provide accurate predictions that clinicians use. Why should
black-box AI data-driven models convince clinicians to replace them?
Models with an intrinsic high degree of explainability align with how
science progressed until our days. We may expect that the continuously
improving ability to explain central basic mechanisms at the laboratory
and the translational research-level would offer more and more alter
natives to the black-box approach in many instances in imaging and
other areas where medical physicists are deeply involved. And physicists
may (and, in our opinion, should!) contribute massively.

Stop ignoring the elephant!
Coming back to the core of the Dr Kundu’s message [1], let us focus
on the highly topical field of radiomics. This may be considered a rele
vant example (among many others) of potential application of AI-based
tools dealing with large amount of information extracted from images.
Despite the impressively growing number of scientific publications
dealing with the topic, resulting in hundreds of AI-based models for
diagnosis, prognosis and outcome prediction (mostly in cancer patients),
the clinical use of these results is still apparently null. In our view, this is
one of the major pieces of evidence of the consequences of ignoring our
elephant. Not by chance, in most of the potential applications of AI
black-box radiomic scores, doctors should decide if one patient has or
does not have a cancer or if they should or should not deliver therapy
based on something intrinsically unexplainable. And, as we may expect,
this does not happen! The sooner we recognize the issue, the sooner we
find solutions. Medical physicists are part of the game; they can
contribute to exploring smart ways to exploit high computational and
modelling skills without forgetting the indispensable need to drive the
picture toward model’s explainability, interpretability and usability.

Reducing the elephant size: Guiding out of the black-box
A major argument pushing to the use of machine learning and AI to
model medical data (including medical images, laboratory data,
“omics”…) is that, for the first time in the history, humans can access,
pool and handle incredibly large amounts of quantitative information. A
way to exploit data without forgetting the fundamental issues of
explainability and interpretability is the application of machine learning
and AI constrained to search the “major players”. We can find examples
of such an approach in the TRIPOD guidelines [27] or in the attempts to
score radiomic-based models strongly weighting the model explain
ability [28]. Methods to reduce statistical redundancy, to select vari
ables better explaining the “signal” and to discard features describing
the “noise” (i.e. limiting overfit) can be applied in combination with
machine learning and deep learning to make models more robust and
generalizable as well as potentially more explainable. This approach
also, at least, ensures the “control” on the effect/effect-size of treatment
variables which play a key role in predictive models used in medicine.
Treatment variables usually “cause” effects, they are not “casually
associated” to the outcome of interest; so, we should not accept a model
predicting a reduced outcome for an increase in the level of the
“causing” effect [23]. Of course, this “hybrid” approach does not assure
that a complete explainability and interpretability of the resulting
models is achieved. Still, it looks like a good compromise in many cases.
In the case not all selected best predictors are interpretable, hypotheses
can be generated. They can prompt researchers to try to explain why the
specific (few) variables were found to be predictive [10,29–31]. On the
other hand, black-box AI-based models will never be explainable, even
in the case of high performances of the resulting models.

Post-hoc explainability: Is it really a solution?
Intending to make AI-based models for medicine more friendly and
possibly more explainable, many researchers focus on developing
methods and tools that may offer the possibility to capture the interdependence among predictors after a “black-box” model is built. These
post-hoc actions are aimed to make the black box “a bit less black”. They
may give the operators some possibility to explore the logic behind it
and, to some extent, to “score” the relative weight of different predictors
or of their combinations in assessing the most relevant variables acting
on single individuals. In the best situation, these attempts may offer
elements of explainability from the point of view of the “technical”
building of the algorithm without any possibility to deal with the true
issues regarding clinical or biological explanation/interpretation
[7,8,10]. This transparency is obviously of paramount importance and
any effort in this direction is relevant. However, this approach continues
to ignore the elephant, being intrinsically lacking from the point of view
of (clinical) explainability. We can find rare exceptions in the literature;
when AI tools are forced to remain potentially explainable, resulting in
9

Editorial

Physica Medica 98 (2022) 8–10

Some concluding remarks: The elephant unveiled
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AI is radically changing a large variety of activities and our societies
rapidly, and none can fully predict what this will mean in the next de
cades. It is pretty natural that medicine will be largely influenced,
maybe in a disruptive way, with potentially large benefits for the com
munity and the individuals. This optimistic vision does not contradict
our discussion: the doctors’ caution in moving toward AI is related to the
intrinsically ethic basement of medicine that always needs to demon
strate that “a progress is a progress” if patients benefit from it. This is a
quite obvious but seldomly forgotten statement: the patient is the center
both individually and at larger scales (hospital, regional, national,
worldwide). Efficiency, rapidity and cost cutting (all promises of largescale AI applications) do not translate automatically in better and sus
tainable care, including the reduction of inequalities in the access to
adequate cures. Doctors need to trust in something that can be under
stood and explained without any new dogmatic absolutism of AI over
human intelligence and human empathy. This claims an urgent need for
a “democratic” development process for AI implementation in medicine
[32]. The process will empower health practitioners against undesired
effects of automated decisions, increase the trust of patients and doctors
and help people make better decisions. Within this process, medical
physicists have to play a relevant role in “opening up the black box” as Dr
Kundu writes in concluding her excellent editorial.
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