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In the 20th century, medical imag-
ing and artificial intelligence (AI) de-
veloped in parallel. They converged 
at the turn of the century with US 
Food and Drug Administration (FDA) 
approval of a computer-aided detec-
tion system for breast microcalcifi-
cations.1 After a lull in development, 
recent breakthroughs in machine 
learning and deep learning technolo-
gies have given way to a renaissance 
of AI in radiology. Within the past 
decade, AI has been widely adopted 
in radiology practices. This can be at-
tributed in part to the ability of new-
er AI tools to learn, allowing them 
to be integrated into the radiology 
workflow. Healthcare AI tools have 
different parameters for judgment 
as medical devices: development is 
faster, modifications are greater, and 
access to real world data is wider. 
These differences, along with the 
anticipation of a substantial increase 
in AI-related submissions for FDA 
premarket approval, have encour-
aged the FDA to update its existing 
approval framework to accommo-
date these new technologies.2
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Reimbursement of AI 
Algorithms: How Are They 
Valued?

As AI advances, radiology’s growing 
adoption of and reliance on AI tools 
raises a question: How do practices 
pay for them? In the development 
phase, vendors collaborate with ra-
diologists and subsequently typically 
provide their tools on a subscription 
basis. In recent years, the Centers for 
Medicare and Medicaid (CMS) has 
acknowledged the value of these tools 
by providing several new reimburse-
ment opportunities. In September 
2020, for example, Viz.AI’s Large 
Vessel Occlusion AI algorithm made 
headlines as the first in radiology to 
be reimbursed as a New Technology 
Add-On Payment (NTAP), and its sta-
tus was renewed in August 2021.3 

The first population health-based 
AI algorithm, Incidental Vertebral 
Body Compression Fracture (VCF) 
detection on chest CT scans (by 
Zebra Medical Vision, now Nanox), 
received FDA approval in May 2020. 
In July 2021, the VCF algorithm had 
its landmark moment: it was one of 
three radiology algorithms to have 
ever been given a Current Proce-
dural Terminology (CPT) code (the 
others being related to quantitative 
ultrasound tissue characterization). 

Additional CPT codes for another 
population health-based algorithm 
centered on coronary artery calcium 
detection, and two codes for quantita-
tive CT characterization were released 
in December 2021 and will become 
effective in July 2022 (Figure).4

All these algorithms have been giv-
en a CPT Category III code, which has 
no relative value unit valuation and is 
not reimbursed by CMS at the nation-
al level. CPT Category III codes are 
bundled with Category I CPT codes 
and are used to identify clinically ef-
fective new technologies and services. 

As described by the American 
Medical Association, technologies 
and services with CPT Category 
III codes could transition to reim-
bursable CPT Category I codes if 
they satisfy the following criteria 
within five years:

•  They received FDA clearance or 
approval, when such is required 
for performance of the proce-
dure or service;

•  They are performed by many 
physicians or other qualified 
healthcare professionals across 
the United States;

•  They are performed with fre-
quency consistent with the in-
tended clinical use (ie, a service 
for a common condition should 
have high volume);
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•  They are consistent with current 
medical practice; and,

•  Their clinical efficacy is docu-
mented in literature that meets 
the requirements set forth in the 
CPT code-change application.”5 

Several algorithms demonstrate 
these criteria and upon widespread 
adoption will have a good chance of 
becoming eligible for a reimburs-
able CPT Category I code. Direct 
reimbursement will encourage more 
healthcare systems and radiologists 
to adopt them. But the question aris-
es: Should direct reimbursement be 
the sole metric in considering when 
to choose an AI algorithm? 

Considering AI’s value to radiolo-
gists from a different perspective is 
equally important. Radiology AI algo-
rithms should be reimbursed not only 
through fee-for-service payments, but 
also through value-based models. In 
quality circles, the value equation is 
used to define the value of a tool. An 
increase in value can be achieved by 
improving outcomes and/or reducing 
costs, as illustrated by this equation:
Value = Quality of Outcomes/Cost6

Radiologists and patients are the 
primary stakeholders with respect to 
radiology AI algorithm use; anything 

that can be done to increase its value 
to either party is desirable. 

The Value of AI Algorithms to 
Radiologists

The numerous varieties of AI 
algorithms available, in use, and in 
development will assist radiologists 
in several aspects of their job. 

For example, diagnostic AI 
algorithms (eg, those that facilitate 
detection of intracranial hemor-
rhages, pulmonary emboli, and 
fractures) are effective. They alert 
radiologists to potential positive 
findings on a worklist that would 
have otherwise been read chrono-
logically. This can lead to  faster 
diagnoses and more rapid notifica-
tion of the appropriate health team, 
thereby improving patient manage-
ment. Early diagnosis through ef-
ficient and accurate scan interpre-
tations also results in lower patient 
morbidity, reducing costs to the 
healthcare facility. A randomized 
controlled trial found that emer-
gency department patients in the 
immediate reporting arm, where 
scan interpretations were delivered 
in shorter time intervals, had fewer 

ED recalls and lower rates of short-
term inpatient bed days.7

AI-based algorithms can also reduce 
errors—and their inherent risk of legal 
consequences. Radiologists are under 
growing pressure to interpret larger 
volumes of scans at faster rates. As of 
2010, the number of computed tomog-
raphy (CT)  examinations in a single 
institution increased 1300% over an 
11-year period, leading to a sevenfold 
increase in a single radiologist’s work-
load. It was calculated that the average 
radiologist in the institution was 
interpreting one image approximately 
every four seconds in an eight-hour 
workday, leading to an increased risk 
for errors and burnout.8 

Indeed, a 2015 pilot study found 
that radiologists who read scans at 
twice their normal speed had an 
average interpretation error rate of 
26.6%, as compared to an error rate 
of 10% at their normal speed.9 A 
retrospective analysis of diagnostic 
errors recorded over a 92-month 
period in a hospital in Auckland, 
New Zealand, found that 80% of 
these errors were perceptual; ie, they 
resulted from a failure in detection.10

All this is noteworthy in light of 
the fact that the most common cause 

Figure. Radiology AI Tools Timeline of Reimbursement Status. 
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of medical malpractice suits against 
radiologists in the United States are 
diagnostic errors, which account 
for 14.83 claims filed per 1000 
person-years.11 

It is clear that AI algorithms that 
focus on improving logistics and 
streamlining workflow, including 
study ordering and acquisition, 
radiologist scheduling, report gener-
ation, patient notification, and peer 
review, demonstrate their value by 
improving diagnostic accuracy and 
report turnaround times. 

They can even improve radiol-
ogist well-being. A 2016 report by 
the American College of Radiology  
Commission of Human Resources 
recognized that radiologist burnout 
was the seventh-highest among all 
physicians and identified heavy 
workloads and severe time con-
straints as contributing factors. The 
ACR report recommended develop-
ment of efficient workflows as one 
strategy to combat this burnout, a 
strategy to which AI-based algo-
rithms can certainly contribute.12 

The Value of AI Algorithms  
to Patients

AI-based radiology algorithms can 
also benefit patients through their 
ability to enhance report quality and 
reduce turnaround times; ie, patients 
stand a greater chance of getting a 
faster diagnosis and treatment plan. 
The burgeoning field of opportu-
nistic screening has the potential to 
add value from a population health 
perspective. Breast cancer screening 
programs have shown that regular 
mammography examinations reduce 
rates of morbidity. One study found 
that women who participated in 
screening had a 41% reduced risk of 
breast cancer-related death within 10 

years, and a 25% reduction in their 
rate of advanced breast cancer.13  

AI-based population health tools 
provide incidental information on 
studies and proactively manage 
patient health. These algorithms can 
identify high-risk patients and aid in 
developing a systematic workflow di-
recting them to appropriate preven-
tive care. This will reduce the need 
for more costly ED and inpatient 
services. There is also great poten-
tial for other types of opportunistic 
imaging to advance preventive health 
care while simultaneously reducing 
downstream healthcare costs. 

What Metrics Should Be 
Influencing Our Choices? 

Over time, AI-based algorithms for 
radiology will continue to improve, 
and their value will continue to rise. 
From an economic standpoint, CMS 
recognition of these algorithms for 
direct reimbursement is important 
to consider when deciding whether 
to adopt them. However, financial 
value should not outbalance other 
criteria, such as the impact of a 
given tool on the quality of radiolo-
gist performance and patient care, 
which are equally important. The 
burden of expense should not hinder 
utilization and further development 
of additional tools that can aid in 
patient management. 
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