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The Future of Artificial Intelligence
in Clinical Radiology: Savior or False
Hope?

Greg Zaharchuk, and Janet Mei

Making predictions is hard, especially about the future.
Yogi Berra

Artificial intelligence (AI), defined here as deep learning and
transformer-based computer vision and language models, has
been proposed as a revolutionary technology for radiology, possi-
bly more impactful than past revolutions such as new imaging
modalities and/or the adoption of PACS. However, some suggest
that Al is overhyped and may not meaningfully address the core
challenges facing radiology. Medicine is an inherently conserva-
tive field, and rapid technology adoption is the exception rather
than the norm. In other specialties, changes are often triggered by
landmark clinical trials or new guidelines. In radiology, in which
much of our work occurs upstream of clinical decision-making,
linking practice changes to improved patient outcomes is diffi-
cult. Without clear evidence of clinical impact, financial incen-
tives will likely drive technology adoption. This is already
visible, where products that have made inroads are largely
those have led to improved efficiency or cost-effectiveness.
Conversely, adoption has been slower for technologies promis-
ing improved diagnostic accuracy. In this editorial, what the
next decade may hold for AI in radiology will be explored,
drawing on current applications while also exploring the his-
tory of similar medical technologies to better understand the
potential forms that AI might take and how it will be inte-
grated into practice.

INTRODUCTION

Radiology is primed for disruption. Past models, both private
and academic, are struggling to keep pace with the surge in
imaging studies, particularly because there has been no com-
mensurate increase in the number of radiologists.1 Likewise,
this increased demand is straining noninterpretive parts of our
field, leading to longer service hours, without enough scanners
or technologists to run them. Simultaneously, declining reim-
bursement rates per study and rising operational costs highlight
the need for Al solutions that could help radiology departments
manage higher volumes cost-effectively. Clearly, the current sys-
tem is unsustainable.

Will AI be our savior? Perhaps AI will soon become good
enough to autonomously read studies without human supervision,
or maybe, more realistically, it could provide a “first draft” of the
report much like a good trainee, complete with relevant measure-
ments and comparisons with prior studies. Short of this, it could
optimize our reading environment, making us more efficient
and accurate by standardizing the readout process and reducing
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distractions. Finally, Al-driven image acceleration and other
upstream applications could improve operational efficiency and
alleviate financial pressures. The following will explore each of
these areas.

Al for Interpretation

Even though only about 20% of the reimbursement for radiology
departments comes from the interpretive “professional” fee, it is
front and center for practicing radiologists. This 20-80 reim-
bursement split may understate the value of Al for interpretive
work, because there is evidence that the cost (as opposed to the
reimbursement) within a radiology practice is actually more
equally split between professional and technical areas.” Assuming
that the number of radiologists is largely capped in the next
10 years (though ideas such as importing foreign medical gradu-
ates and using midlevel providers might alter this calculus), how
could AI reduce the time spent per study without decreasing
quality? Three options are possible (Figure 1):

1) Doctor AI: Read some studies completely autonomously
(normal CTA head and neck studies in patients with low-
quality indications anyone?).

2) Trainee Al Predraft reports, including measurement of lesion
sizes and comparison with prior studies. A radiologist would
then confirm or edit the reports similar to the traditional aca-
demic model.

3) House Elf AL: No diagnostic capabilities but AI helps stream-
line the process of moving from images to reports: better
study organization (imagine hanging protocols that work),
less need to call/interact with technologists, quality assess-
ment and control, and maybe even executive summaries of
cases with links to key images. This improvement could also
include “stream of consciousness” reporting. Such AI would
reduce hidden costs associated with interpretation.

Note that none of these scenarios are what is currently the
rage: one-off Al detection and triage algorithms for individual
diseases like intracranial hemorrhage and cervical spine fracture.
There are literally hundreds of these one-off implementations,
raising questions about whether this is the right approach long
term. While the computer vision technology to perform these
tasks is remarkable, multiple studies in real-life settings suggest
that it does not reduce interpretation time or improve outcomes
for neuroradiologic applications.”® Thus, they will remain niche
products for early adopters, though they could become building
blocks of larger systems described above.

Doctor Al

The most ambitious of these scenarios is autonomous Al, capable
of generating complete diagnostic reports from imaging. This
possibility is only on the table due to recent explosive improve-
ments in performances of so-called “foundational models,” based
on large-vision language models, many of which use self-super-
vised contrastive learning. Current performance for image to
report based AI has mostly focused on the areas where we have
the most data, such as 2D imaging like chest X-rays.” More
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FIG 1. Varying levels of Al integration in radiologic workflows, ranging
from full autonomy to efficiency optimization. In the Doctor Al
model, Al autonomously generates complete reports with minimal-
to-no need for physician input. The Trainee Al model involves Al-
assisted prepopulation of reports but with more physician oversight,
like an attending overseeing a resident or fellow. The House Elf Al
model does not alter the physician’s interpretation process but
enhances the diagnostic environment, boosting radiologists’ produc-
tivity through Al-driven efficiency improvements and removing dis-
tractions. It helps with better study organization, report structuring
and formatting, less need to call/interact with technologists, quality
assessment and control, and automatic critical finding alerts. Such Al
would reduce hidden costs and wasted time associated with interpre-
tation. Rad indicates radiologist.

recently, several groups have sought to extend these models to
3D imaging modalities, such as abdominal or head CT.*” While
impressive progress is clearly being made, the performance
remains suboptimal. The examples shown in preprints demon-
strate clear errors on relatively simple tasks and overall perform-
ance that is well below anything remotely useful.

However, we wouldn’t bet against it improving given the rapid
pace of improvement, computer vision detection of cats and dogs
has quickly given way to conversational Al that can provide image
captions or create movies from short text prompts. For this task,
there are semi-infinite amounts of training data: all the paired
imaging examinations and reports we have created during last 20
or so years. Incredible amounts of money are being spent by
early-stage start-ups as well as large incumbents who believe this
task is feasible. It is likely that the winners here will be institutions
or companies that can combine extremely large, diverse data sets
with massive compute budgets. These entities will need to incor-
porate radiologist domain expertise to navigate all the details that
radiologists learn in residency. Another current unsolved problem
is how to handle context, from comparison with priors to the inte-
gration of information from the electronic health records that is
known to be essential for radiologists to provide value.

The biggest challenges here will be determining and then
achieving adequate performance (what exactly is the error rate
for radiologists anyway?); overcoming the (probably high) regula-
tory hurdles, given the potential for ultimately reducing the num-
ber of radiologists needed (expect your friendly professional
association to weigh in on this); the acceptance of such technol-
ogy by patients;'® and potential medicolegal concerns (who is on

the hook for mistakes?). Perhaps we can find subsets of examina-
tions that might represent initial implementations, such as non-
contrast head CTs without priors, or perhaps Al could be trained
not to detect individual abnormalities but rather to detect the ab-
sence of abnormalities, a so-called “normal detector,” and remove
them from the worklist. This latter approach is particularly attrac-
tive because the rise in the number of imaging studies is being
driven largely by low-quality indications, resulting in more stud-
ies with normal findings filling our lists."' "> T sometimes feel
transported back to my days in residency during my screening
mammography rotation when I sit down for the evening emer-
gency department shift. Perhaps one day, we will remark on those
“old days” when we had to actually read the studies with normal
findings, much like some of us talk about using alternators, to be
greeted by blank stares.

It may be instructive to look back on a technology that prom-
ised such automation. In the 1990s, interpretations of Pap smears
by cytologists had all the elements we see in today’s radiology:
too many studies and too few people to read cases.'* Computer-
based algorithms had reasonable performance. However, the au-
tonomous reading approach was ultimately not successful, given
the reluctance of the FDA to approve what they considered a
“high-risk” device. Thus, the first implementations were for qual-
ity control applications, looking at cases with negative findings
with the hope of reducing false-negatives. The most successful
paradigm turned out to be one in which cases deemed to have
normal findings by the machine were flagged for the cytologist,
who then had to review only the 20 “most abnormal” high-power
fields flagged by the Al rather than examine the whole slide, thus
resulting in time-savings. This improvement leads to our next
category of interpretative AL

Trainee Al
A recent survey showed that only 21% of patients are comfortable
with Al providing radiology reports, suggesting the need for
alternatives.'® Thus, if truly autonomous Al, even if possible, is
not deemed palatable by regulators, patients, and payors, this
model could be scaled back to the idea of providing a draft, which
would need to be checked by the radiologist before sign off. This
approach is similar to that seen in academic practices, in which
residents and fellows review images, interrogate the medical re-
cord, pull up relevant priors, and ultimately draft a report that is
then edited in response to the attending’s feedback. This
approach is an attractive example of “human in the loop” Al in
which the radiologist is still liable ultimately for the read, making
clear the medicolegal responsibility.'® It may also be more palata-
ble to regulators and professional societies, though clearly there
might be worries about “mills” that just sign off on whatever
these models produce. Such models might also be used to address
the most common or laborious examinations; however, as for the
Doctor Al implementation above, figuring out how to give Al the
proper context is still likely to be a challenging undertaking. Of
course, for maximal efficiency, both approaches need to be fully
integrated into the radiologist’s reading environment, interfacing
with the electronic medical record and dictation software.

Such an approach will need to prove that its use leads to
equivalent outcomes with less cost. This lower cost could be due
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to faster per-study reading by the radiologist, though little data
exist about AI helping speed up interpretation. Concerns exist
as to whether radiologists are capable or willing to overrule AI
results when they are wrong.'® Others have suggested combin-
ing these draft reports with oversight by nonradiologist midlevel
providers. While this approach is attractive because there
remains a human in the loop who can step in and rectify
obvious mistakes, studies suggest that this may be the worst of
both worlds, because individuals with less training are less will-
ing to contradict erroneous Al outputs. Thus, the combination
of trainee AI and midlevel providers, while attractive to payors,
might not benefit patients.

House EIf Al

Further down on the omniscient scale would be House Elf AL
This recognizes all the inefficiencies in the current system and
uses Al to mitigate them, thereby making the radiologist’s experi-
ence better and allowing faster and more accurate reads. The over-
all goal is to maximize image-interpretation time and minimize all
the other distractors. This could be considered as a radiologist’s
“personal assistant” who can just fix everything so that when he or
she sits down to read cases, everything is perfectly ready for effi-
ciency. The advantages of this approach are many. As stated by
the American economist W. Edwards Deming, “Uncontrolled var-
iation is the enemy of quality.” As imaging groups get larger, the
amount of complexity increases exponentially, exacerbating the
problems of variability. Finally, such an AI approach would not
have a heavy diagnostic component, mitigating fears of radiologist
de-skilling."” Tt should be straightforward to deploy and require
minimal regulatory burden or societal resistance.

It is difficult to estimate how much inefficiency there is in the
current system, but it is likely high. Radiologists are currently
asked to do many noninterpretive tasks as part of their daily job.
The first and most obvious is the time spent wrangling with
report dictation software. Even under the best of circumstances,
time spent in report creation takes away from time interpreting
images. How much time do we waste daily looking away from
images to find where to insert text and to correct misspellings
and faulty capitalization? This is not a good use of a radiologist’s
time. Some radiologists have begun to use “scribes” who handle
this aspect of report creation.'® This use can lead to noticeable
efficiencies, similar to medical scribes that have been used for clin-
ical visits. Al has already been implemented to listen to patient-
doctor conversations and transcribe first drafts of clinical notes
that doctors can then lightly edit.'* Implementation of this use in
the radiology space would be a game changer for productivity.

Beyond acting as a scribe, AI could finally allow us to use
hanging protocols, a dream of radiologists for decades. Hanging
protocols enhance efficiency by standardizing the PACS layout of
imaging series and prior comparisons and can lead to increased
efﬁciency.20 As everyone knows, these never seem to work, which
is largely due to the variability in the naming conventions that dif-
ferent scanners use or that are flummoxed by simple things like
series name changes or repeat studies. While PACS companies
continue to promise that they will work “in the next version,” we
need to fix the problem of variability at the root source. Al can be
used to evaluate the DICOM header with natural language
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processing and computer vision of the pixel data to classify
sequences into standardized names, regardless of the names the
technologists use at the scanner.”’ Such technology can also
“grade” the quality of sequences, evaluating the presence of
motion, the correct extent of organ coverage, and the SNR. One
time saver here is that AI can determine the best of multiple
motion-degraded studies and send only that one to the PACS for
interpretation, saving PACS storage space and radiologist’s inter-
pretation time, reducing the frustration and risks associated with
evaluating suboptimal motion-degraded images.

Finally, as we move to more 3D imaging, we can envision soft-
ware that automatically performs reformats in standardized imag-
ing planes (Fig 2). Once implemented, this change will result in
serial imaging studies that will always be aligned, leading to simple
comparisons of lesions and their sizes without the need for time-
consuming reformatting by the radiologist. This improvement
would also free the technologist from doing the reformats and
dealing with radiologists’ phone calls when the technologist makes
a mistake. This time could be used for additional patient care or
even improved throughput for certain imaging studies that are
reformat-heavy, such as CT.

The largest challenge to introducing such Al into operations
is how to estimate its value. Radiologists and technologists see the
value immediately, but administrators may not be familiar with
all the hidden costs that are being borne by the organization as
variability increases. Studies to demonstrate improved efficiency
by technologists (ie, the ability to scan more patients) by freeing
them from the need for reformats and attention to potential
errors could be performed. For radiologists, even more than ac-
curacy (which should increase), demonstration that they can read
more studies per unit time is essential. It is possible that Al-
driven software could enable 3D labs at sites that cannot currently
staff them or allow them to operate in a timely fashion with fewer
full-time employees, including off-hours and holidays. Removing
these easily automatable tasks from both groups will reduce the
radiologist’s and technologist’s burnout and help with staff reten-
tion. Last, in the age of big data, removing variability should
finally enable imaging data to be optimally integrated into down-
stream processes. These will include internal uses, subsuming the
need for smart DICOM routers to send the right sequences to
third-party AT applications. Benefits would accrue outside the ra-
diology department, enabling the easier consumption of images
into planning software for other departments or into aggregated
data sets for research. There is specific synergy here with integrat-
ing images into vision language models. Despite imaging being
90% of data by storage volume, the extreme variability makes it
difficult to integrate into predictive models due to the infeasibility
of manual data organization at scale. Such AI tools might, in fact,
accelerate our movement toward the more diagnostically oriented
AT in the Doctor and Trainee models.

The Back Office

While all these applications described above sound great, the big
question remains: How will departments afford them? While we
have described how return-on-investment (ROI) could be meas-
ured for these, most of the reimbursement in our field comes
from the “technical component,” which is meant to support the



FIG 2. Variability in quality among human-generated 3D reformatted images from noncontrast head CTs, highlighting the potential benefits
of automation. A, Stairstep artifacts caused by reformats from thicker slab imaging. B, Poor alignment of a reformat intended to be coronal.
C, Inadvertent exclusion of the anterior portion of the head after reformatting.

infrastructure and costs incurred performing an imaging study,
typically about 80% of total reimbursement. Thus, AI that enhan-
ces scanning efficiency without adding resources has become one
of the early AI success stories in radiology—a trend expected to
continue and accelerate.

Several companies have successfully introduced Al tools for
accelerating image acquisition and reducing the radiation dose.
These innovations were initially pioneered by independent com-
panies and later adopted by larger scanner vendors, yielding
20%-50% reductions in scan times without compromising diag-
nostic quality.”>** To date, millions of scans have been expedited
using these methods, particularly in MRI and PET, two of the
most time-consuming and costly imaging modalities. However,
we believe we are at the beginning of a very long road on what is
possible here. The combination of low-field MRI with AI image-
quality improvement is largely unexplored. A mid- or low-field
MRI scanner, with improved performance around metallic
implants due to reduced susceptibility artifacts, could potentially
achieve image quality comparable with that of a 3T scanner with
the help of AI. Who would not want such a system? In addition
to reduced cost and sitting requirements, lower electricity costs
also make it more environmentally friendly.**

AT also has the potential to significantly cut down repeat scans
due to patient motion (Fig 3B), which currently accounts for
about 15% of all MRI scans.”® Synthetic MRI can help complete
examinations for patients who cannot tolerate the full scan (Fig
3C), avoiding the need to reschedule or resort to sedation.?® Most
important, we will need the “House EIf AI” described above to
decide when and how to apply such capabilities, because the radi-
ologist does not have time to oversee them.

All these solutions clearly address current problems, and the
ROI for potential buyers is easy to calculate. It is also attractive to
patients who prefer shorter, lower-radiation-dose scans and could
yield a competitive advantage in a saturated radiology market.
Nevertheless, smaller groups with fewer information technology
(IT) resources still struggle to implement such solutions. The other

headwind here is the fear by some radiologists that these methods
might “hallucinate” (add new structures or remove existing ones) oth-
erwise not be able to provide quality care; so far, these are theoretic
risks that have not been seen under typical operating conditions.>”

Al Applications No One Really Wants but That We Will
Likely Get Anyway

The overlap of what is doable and what increases revenue
means that we are going to see some applications that may not
be what patients or radiologists really need. One example is
software that scans radiologists’ reports to determine whether
downstream studies recommended by radiologists are being
performed, and if not, it contacts the patients and providers to
follow up. This software sounds good,28 but there have not
been randomized trials to determine whether such approaches
improve patient care. Instead, much of the discussion is around
avoiding potential litigation. Many recommendations made by
radiologists are not evidence-based and are likely to drive up
costs without providing benefit. This issue has been evaluated
with respect to the recent practice of reporting small thyroid
nodules and recommending follow-up ultrasound, an approach
no longer recommended because it could not be shown to have
benefit.”” There might be niche indications in which such rec-
ommendations are of value, such as those that incorporate
well-vetted guidelines for screening. Opportunistic Al screen-
ing might fall into this category, which, if used sparingly and
wisely, could allow radiology to help our referring colleagues in
truly unique ways, by starting conversations about occult dis-
eases and risk factors,’® though evidence of this value should
precede implementation.

Will hospitals view these applications as “money makers” and
justify them to avoid patients “falling through the cracks” of the
system? Realistically though, we question the value and ethics of
alerting already alert-fatigued physicians about a 1-mm ques-
tionable aneurysm to be followed up yearly on an outpatient
basis (especially if the patient has really good insurance).
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FIG 3. Examples of Al to accelerate MRI acquisition: noise reduction (A), super-resolution (B), and image synthesis (C). Note in B that the shorter
scan also avoided the patient motion evident in the longer scan. Acq indicates acquisition.

While we do not totally exclude the possibility that there could
be some value here, we suspect most will just increase medical
costs and inconvenience the patient and their providers. But
knowing how our system works, we wouldn’t bet against such
applications being part of our future.

Another application that has gotten some traction is the
idea of creating “patient-friendly” reports with Al This level-
ing of language and removal of jargon is a strong suit of cur-
rent large language models, such as GPT-4 (https://openai.
com/index/gpt-4/).>" Currently, radiology reports are meant
to convey information between physicians. However, some
hospitals are driven by financial models that reward patient
satisfaction and engagement, and providing patients with
such targeted reports could improve these metrics. There is
nothing inherently problematic about this practice, but we
have larger problems to fix in the field, and if patients wish to
understand and interact with their reports more deeply, there
are many publicly available resources available. Studies demon-
strating that such methods improve patient care would change
my opinion, but until then, such an AT application is a distrac-
tion from more pressing problems even if it is an “easy win” for
departments.
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Implementation Woes: Is Radiology IT Up to the Job?
Predicting the future of Al in radiology must take into account
the bandwidth and the number of clinical informatics personnel
to implement and maintain these technologies. Given the need to
support legacy systems, implement cybersecurity, and get all
the legacy systems to work together, there is not much time
for new projects in most IT departments. Adding AI software
trials and long-term monitoring to their responsibilities poses a
significant challenge.

If we are to make any significant progress during the next
10years, departments and practices must invest strategically in
their IT capabilities to make it happen. This problem is a
chicken-and-egg one, in which the financial benefits will only
accrue after significant financial resources are provided to
implement AI algorithms. Otherwise, we will end up with a
few choices from legacy vendors whose products may or may
not satisfy radiologists’ needs.

Closing Thoughts

There will be new Al applications in the next 10 years (Table 1).
The sweet spot will be applications that improve patient care
and radiologists’ productivity with either net neutral or financially
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Benefits and challenges for clinical Al integration in the next 10 years

Benefits

1) Improved radiologist efficiency: Al can automate repetitive tasks like image segmentation and preliminary reporting, allowing
radiologists to focus on more complex cases. With an aging population and growing diagnostic needs, Al can help manage the

rising volume of cases, ensuring timely diagnosis and care.

2) Shorter scan times and improved standardization: Al can optimize scan protocols, leading to quicker examinations with fewer
artifacts and errors, reducing the need for repeat imaging. By standardizing image naming, orientation, and organization, display
protocols can be used to reduce radiologists’ interpretation times.

3) Cost reduction for health care payors: By automating image analysis and improving workflow efficiency, Al can reduce the overall
cost of radiologic examinations and decrease the burden on health care systems.

4) Environmental impact: The use of Al to reduce scan time or create better image quality can reduce the per-person carbon
footprint of imaging. Al-based augmentation of low-dose CT and MR contrast examinations can reduce downstream marine

environment pollution.

Challenges

1) Demonstrating the value of interpretative Al: Clinical studies must focus on the reporting times of radiologists and demonstrate
that Al applications really reduce the time per study and can increase the overall number of studies read by radiologists in a shift,

without loss of quality.

2) Technical infrastructure: Skilled IT personnel are needed to deploy, test, and maintain Al systems, possibly posing a challenge,
especially for smaller or underfunded institutions. These professionals are in high demand in most health care systems.

3) Regulatory issues: Navigating the evolving regulatory landscape for Al in health care (such as FDA approval) is complex and
could slow down the adoption of Al tools. In-house-developed applications might not be FDA-approved but could increase

medicolegal risks.

4) Integration into clinical workflow: All radiologists work differently. Incorporating Al into established workflows without disrupting
the clinical routine or overburdening radiologists with additional tasks is challenging. Implementing Al so that it fits into the
ecosystem of our legacy systems (scanners, routers, PACS) is not easy.

5) Clinician’s trust: Radiologists may be hesitant to adopt Al, especially if they are unsure about its accuracy or reliability, making

widespread adoption slower.

positive characteristics. The tsunami of imaging studies
coupled with the limited number of radiologists will require
some solution and where we end up on the Doctor AI/Trainee
Al/House Elf AI spectrum will be determined by a range of
factors including the capability of vision language models and
the burden of regulations that will be imposed by external
forces. if we had to bet, we suspect will land somewhere
between the Doctor and Trainee AI paradigms, meanwhile
taking the “easy wins” from the House EIf model. There will
be much handwringing regarding the decline in radiologists’
independent clinical skill levels, though this decline has been a
constant part of our history as a field. There will be just too
much work for us to expect an unchanging high level of indi-
vidual acumen, though we will continue to value expert diag-
nosticians as we do now.

The ability of Al to impact and replace technologic cost with
software should usher in new, cheaper devices that are easier to
maintain and better for the environment, reducing technical
component costs while improving the patient experience. There
is no question that the task will be difficult, with plenty of issues
surrounding these technologies, from data distribution drift to
enshrinement of old biases. Pivotal clinical trials of new technolo-
gies will be challenging, especially given the pace of innovation.
However overall, radiology has always embraced new technolo-
gies and found ways to innovate and improve patient care even
with incomplete knowledge. This evolution, however, must be
a 2-way street. Radiologists need to actively engage with Al
developers, contributing their domain expertise and ethical
judgment. Meanwhile, regulatory bodies need to trust radiol-
ogists to oversee and implement AI applications responsibly.
Only then can we fully realize the potential of Al in radiology
during the next decade.
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