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ABSTRACT

Radiology has a long history of adopting state-of-the-art digital
technology to provide better diagnostic services and facilitate
advances in image-based therapeutics throughout the healthcare
system. The radiology community has been developing diagnostic
artificial intelligence (Al) tools over the past 20 years, long before Al
became fashionable in the public press. Currently, there are
approximately four hundred Food and Drug Administration approved
imaging Al products. However, the clinical adoption of these products
in radiology has been relatively dismal, indicating that the current
technology-push model needs to evolve into the demand-pull model.
We will review the current state of Al use in radiology from the
perspective of clinical adoption and explore the ways in which Al
products will become an ensemble of critically important tools to help
radiology transition from volume-based service to value-based
healthcare. This transition will create new demands for Al technologies.
We contrast the current “technology-push” model with a “demand-
pull” model that will aligns technology with user priorities.

We summarize the lessons learned from Al experience over the past
twenty years, mainly working with computer-aided detection for
breast cancers and lung cancers. The radiology community calls for Al
tools that can do more than detection with increasing attention toward
higher workflow efficiency and higher productivity of radiologists.
Major radiological societies of North America and Europe
promulgated the emerging concept of value-based radiology service,
an integral part of overall value-based healthcare. The transition to
value-based radiology will happen and that higher value will come
from the effective use of Al throughout the radiology workflow.

The value-based radiology will need to work with a full range of
machine learning tools, including supervised, unsupervised, and
reinforcement learning, as well as natural language processing and
large language models (e.g., chatbots). The engineering community is
rapidly developing many concepts and sophisticated software tools
for data orchestration, Al orchestration, and automation orchestration.
Current radiology operation has been supported by PACS, a
monolithic IT infrastructure of past generations. This system will need
to migrate to an intelligence management system to support the new
workflow needed for high value radiology.
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1.0 Introduction

This research aims to explore the pathways to
greater clinical adoption of Al products and tools in
radiology practice.

Our research has several objectives:

1. Discuss the emerging evolution of radiology
practice from volume-based to value-based
healthcare.

2. Discuss that the radiology transition will require
a new workflow to improve overall efficiency
and individual productivity to allow doing more
with less to achieve a service of integrated
diagnosis.

3. This value-based transition will demand a wide
array of Al tools and products, beyond current
computer-aided diagnosis products, integrated
infto a new platform of the intelligence
management system.

4. Discuss the demand-pull technology adoption
model builds on the 20 years of experience
working with the computer-aided diagnosis
products developed in the current technology-
push adoption model that has stalled.

We have designed this study as an editorial in a
narrative voice with key publications dealing with
the future radiology service, lessons from computer-
aided diagnosis, and new artificial intelligence
tools. This represents the collective personal voices
of the authors who have been active participants in
all aspects of digital radiology over the past 30
years.

It is hoped that we are offering a possible
sustainable Al adoption model that will serve a
meaningful partnership as radiology becomes a
high-value service.

2.0 Current State of Artificial Intelligence in
Radiology

Artificial intelligence (Al) and machine learning are
intricately connected and often used

interchangeably, but they differ. Machine learning
is considered a subset of artificial intelligence. Al
refers to the capability of a computer system to
mimic human cognitive functions. ML refers to the
algorithms that learn from examples rather than
being explicitly programmed.

Radiology adopted digital technology in several
steps, beginning with (1) radiology information
system in the ’60s,! then (2) the digital imaging
technology, such as CT and MRI, beginning in the
'70s and (3) image management systems (a.k.a.
PACS) for filmless digital operations beginning in
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the '90s.2-3 A global teleradiology project spurred
the development of teleradiology services.# The
adoption of Al technology can be seen as the third
transitional step. The interest in using pattern
recognition technology (an earlier name for Al in
imaging) for radiology diagnosis began in the 80s.

The use of convolutional neural networks (CNN) for

computer-aided diagnosis (CAD) was introduced in

the 1990s.57

The computer-aided diagnosis (CAD) research in

medical imaging has evolved into multiple types

based on intended clinical uses, according to the

FDA.

1. Computer-aided detection (CADe) is to aid in
localizing/marking regions of interest that may
reveal specific abnormalities, as in the case of
cancer screening.

2. Computer-aided diagnosis (CADx) aids in
characterizing /assessing disease, disease type,
severity, state, and progression.

3. Computer-aided detection/diagnosis
(CADe/x) is to aid in localizing and
characterizing conditions.

4. Computer-aided triage (CADt) aids in
prioritizing /triaging  time-sensitive  patient
detection and diagnosis.

5. Recently computer-aided
acquisition/optimization (CADa/o) was added
to the list.

The FDA approved CADe for breast cancer in

1998 then for lung cancer in 2004.8 Its adoption

rate for the breast cancer screening was initially

less than 5% until the Center for Medicare and

Medicaid Services (CMS) allowed reimbursement

for using CADe tools in screening mammography

in the US. However, this reimbursement model is
not universal. With the financial incentive, by

2016, 92% of all breast cancer screenings were

done using CADe in the US.?

Several large trials in the US and Europe concluded
that the use of CADe has not delivered significant
benefits and produced false positives resulting in
higher recall and biopsy rates.?10-12

CADe for lung cancer screening has been used
without any financial incentives.'3 CADe can
improve sensitivity, and at the same time, the
radiologist's reading speed can be improved by
30%, showing potential for  productivity
improvement.'4 lts clinical adoption has been slow
as well.’5

Today there are approximately four hundred
FDA-approved CAD products. However, the
clinical adoption of these Al tools in radiology is
relatively dismal, disappointing the developers
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and investors. Some wonder if radiology is facing
an “Al winter”.1¢

Most radiologists with many years of experience
expect Al to eventually be very useful if Al can
remove frustrating inefficiencies in radiology
workflow and help with automating many routine
mundane manual activities. If the efficiencies can
be improved, it would allow radiologists to get
more directly involved in collective decision-
making and interaction with patients.

There have been discussions that Al will replace
radiologists. Dr. Langlotz, a long timer user of CADe
for mammography, stated that “Al won't replace
radiologists, but radiologists who use Al will replace
radiologists who don't”.?

We believe Al has great potential for remaking
radiology. Then how should we take advantage of
the potential by integrating of Al tools into
radiology service?

This paper is developed following the guidelines for
editorial based on selected literature and the
authors' long history of active pioneering roles in all
phases of the digital transformation of radiology.

3.0 Technology Adoption Model:
Technology-Push vs. Demand-Pull

Technology adoption is a complex, multi-faceted
process. Julia Adler-Milstein and her team of
collaborators addressed the barriers and discussed
the clinical adoption of an extensive list of Al tools.'”
They proposed 4 domains of adoption: reason to
use, means to use, method to use and desire to use.
Here we will focus on a simpler compatible model;
the technology-push and demand-pull models that
are relevant to the current radiology environment.18
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Technology-push and demand-pull can be seen as
two layers of innovation adoption and they can
interact with each other in various ways.
Technology-push is to develop new technologies or
products mainly driven by the capabilities of the
technology itself. In the case of technology- pull,
developers and investors are focused primarily on
innovating for perceived needs. The development
efforts of radiology Al products over the past
twenty years have followed the technology-push
aiming to help diagnosis by radiologists. That
approach has not been successful as noted
previously.

On the other hand, the demand-pull models are to
develop new technologies or products to meet the
needs and want of wusers. In demand-pull,
developers and investors focus on identifying and
meeting the real needs of customers. The demand-
pull adoption model consists of three levels of
interactions; (1) demand as a source of innovation
(2) competence to match technology with demand,
and (3) distinction between external and internal
sources of innovation.’?

Figure 1 below highlights how the TP and DP models
interact to provide sustainable and continuous
innovation.20

Successful and sustainable innovation requires
interaction between these two approaches and an
intimate understanding of customer needs on the
demand side. Then when and how the demand for
Al technology would emerge? The next section will
describe the important transformation of radiology
practice that will demand Al solutions.

Latest Sci

vances in Medical Imaging Push

nology Technology

\.

Commercial l
Product I

Marketing

7

Figure 1: Interactive Model of Innovation: adapted from Reindustrialization and technology, by Rothwell R.,
Zegveld W. (1985), Longman Group Limited, London. Sourced from Romanowski et al.
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4.0 Evolution of Radiology as a Value-Based
Service
Radiology leaders representing multiple

professional societies in the US and Europe issued a
joint statement,2'-22 on Value-Base Healthcare
(VBH) as the future of radiology. VBH is an
emerging framework for improving individual
health outcomes per unit expenditures. Simply put,
the essence of value-based systems is doing more
with less and at the same time, moving away from
measuring volume of work to measuring outcomes.
Though there are differences between business
models of US and European health systems, these
joint statement shows significant commonalities for
common clinical goals.

A recent US Interagency Working Group on
Medical Imaging identified strategic direction
medical imaging. It has identified “advance high-
value imaging as an overarching theme to achieve
better health outcomes and smarter health care
spending through medical imaging.”24

The American College of Radiology (ACR)
recognized that the transition from volume to value
in radiology practice is a key component of their
3.0 Imaging initiative.25 Integration of Al into clinical
practice  will improve radiologists' clinical
performance but can also help the department
become more efficient and reduce the cost of
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operation by automating time-consuming and
mundane tasks. A recent publication on Radiology
2040,22 offers an extensive list of action items
needed to ensure radiology thrives in 2040. Of
those, the following are relevant to Al in radiology.

1) Radiologists must add value to the healthcare
continuum.

2) Radiologists who are
interpretation  may
obsolete.

3) Radiologists must recognize that Al will enable
them to function at a higher level.

4) Radiology will be responsible for phenotyping
and imaging markers.

5) Imaging technology will become increasingly
multiscale, multimodal, and multi-omics.

limited fo
eventually

image
become

Often when one talks about the work of
radiologists, especially during the era of Al, one
focuses narrowly on diagnosing and detecting
disease, but radiologists do far more. Their work
includes prevention, such as screening, delivery, and
monitoring of therapy, prognosis, confirmation of
disease resolution, and technology consultant to
other specialties relying on imaging technology. The
following diagram shows where values of radiology
are generated and delivered within the current
radiology workflow.

Where the Value of Radiology is Delivered

Screening
Reassurance

Rad. Protection
Prevention

Disease Resolution Prognosis

Cessation of Tx

Disease Staging
Subspecialty Consultation
Clinical Decision Support

Diagnosis

Delivery
Monitoring

]

Progress Evaluation
Treatment Monitoring
Biomarker for Early Detection
Interventional

Population Screening

. Identification of Abnor.
Detection

Teleradiology
Teaching
Team Meeting

Figure 2: Value of Radiology Service Delivery Based on, Radiology 2040.22
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Radiology will continue to face challenges dealing
with explosive growth in the number of radiology
studies undertaken around the clock. 24-hour
coverage of radiology services is becoming a norm
while we are seeing physician burnout. One of the
support tools could include providing support for
when not to request imaging, where imaging is
unlikely to contribute usefully or answer the question
being asked. This type of capability will likely
exceed what is achievable by humans alone while
reducing physician burnout.2¢

5.0 Technology Demand for Value-Based
Radiology

The innovations necessary to support the transition
to value-based radiology can be grouped into two
types of Al tools.

1. Al tools for radiology workflow optimization to
improve efficiency and productivity via

Emerging Value-Based Radiology in the Era of Artificial Intelligence

2. Al tools for integrated diagnosis of multiscale,
multimodal imaging and multi-omics

5.1 Radiology Workflow Optimization for
Value Creation

Radiology has been a leader in digital
transformation, but the fundamental workflow of
making diagnoses has not changed from the film
days. Many experienced users of CAD systems have
identified workflow optimization as the top priority
of maximizing and documenting the value of
radiology services. Key components of Al-enabled
workflow include (a) image delivery, (b) image
quality control, (c) results storage and management,
(d) results processing, (e) results presentation and
delivery (f) results in error correction, and (g)
performance monitoring.?”

Potential applications of machine learning in
radiology workflow can be organized into 5 groups
as shown below.26

Before Imaging Exam

After Interpretation

Urgent finding notification
ICD code extraction from repor

During Interpretation

Contextual report template
Assisted segmentations

Prognostic inference
Quality (including peer review) and safety

EMR extraction & correlation w/ other data

Clinical decision support
Patient scheduling and screening
Protocoling

During Imaging Exam

Image acquisition
Image optimization

Billing Image generation
Compliance Workf_]ow Supplementary imaging
Abuse and fraud detection Imaging

Service After Imaging Exam

Automated radiation dose estimation
Image postprocessing

Advanced image analysis

DICOM routing, workflow orchestration
Worklist prioritization

Preliminary interpretation

Figure 3: Radiology Workflow Imaging Service.28-30

More details of each are described in a recent
publication by Pierre, et. al.2? Within each of the
five steps, many manual operations can be
automated with Al. For example, the administrative
aspect of radiology service should be an integral
part of workflow management. Claims and
payment administration can be improved using
probabilistic matching of data across different
databases. Incorrect claims can cause significant
difficulties for all parties concerned and sap the
productivity of a department.

5.2 Integrated diagnosis with multiscale,
multimodal imaging and multi-omics

Open-source CNN packages have been widely
used for CAD development; however, current CNN
packages were designed for orientation-
dependent alphanumeric characters and nature
images, while medical images are orientation-
independent. Many developers are working to
improve the shortcoming of CNN to minimize
systematic errors in their output.3°
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In most CADe development with supervised machine
learning, the Al system is trained and validated with
a large corpus of labeled data. As discussed
earlier, current CADe systems tend to produce a
high false positive rate.'© A clinical dataset
typically includes normal cases and cases containing
clinically actionable or non-actionable
abnormalities with a very small number of
challenging cases. Instead of training the Al model
with random cases, the training set should have
about 30% of clinically challenging cases. A CAD
trained on very few clinically challenging cases will
fail to identify difficult cases making the system
clinically irrelevant.

Phenotyping and working with multiple imaging
markers will be important strategic goals of
enhancing the values of radiology service.3! The
emergence of new integrated diagnostic services
will demand the analysis of data from radiology,
pathology, genomics, and clinical information.

Quantitative imaging, also known as radiomics,
uses engineered features, i.e., quantitative
measurements of features radiologists use.
Current research efforts have shown the possibility
of providing better diagnosis and perhaps the
possibility of differential diagnosis without
additional studies. The variability of extracted
biomarkers and biomarker standardization
remain the main challenges in achieving clinical
utility.32

In the earlier session, we listed 5 types of CAD
products. As we integrate multi-modal imaging
and multi-omics these AT tools will have
complimentary roles that value based radiology
service would need.

6.0 New Tools and New Intelligence
Management System for High-Value Radiology
In this section, we highlight emerging new tools and
concepts for developing, deploying and managing
ever-increasing CAD tools, such as CADe, CADx,
CADt, and operational efficiency tools to ease the
adoption of demand-pull technology. These tools
will be managed alongside those that focus on
operational efficiency.

1. The potential use of large language models
(chatbots) as a means to integrate Imaging Al
and language Al

2. Orchestration of massive amounts of diverse
types of data from multiple origins

3. Orchestration of real-time automation and Al
refresh

Emerging Value-Based Radiology in the Era of Artificial Intelligence

4. Intelligence management

operational platform
New concepts and new tools to develop Al-based
products are becoming available rapidly. Machine
learning orchestration tools are used to automate
and manage ML development process and ML
pipeline infrastructure. These tools help developers
track and monitor models for  further
analysis. Orchestration tools make the ML process
easier, and more efficient to help ML teams focus
on what’s necessary.

system as an

6.1 The Use of large language models
(chatbots) as a means to integrate Imaging and
language Al

Historically the development of Al tools for graphics
and language has been on two parallel tracks.
Pattern recognition in graphics and images
predominantly uses convolutional neural networks
(CNN) with supervised and/or reinforcement
learning on given imaging datasets representing
real-life situations or medical images that may
contain the disease. Integration of text data with
image analysis will be an important capability for
values-based radiology.

The application of NLP aims to provide Al tools with
the ability to process «and understand
unstructured and structured text data. NLP Al tools
have been shown to be useful in dealing with the
aggregation and summarization of patient notes,
treatment analysis, discharge summaries, semantic
understanding of patient queries,33 and assisting
medical decision-making.34

The ChatGPT is getting much attention these days,
but its role in radiology is currently under careful
evaluation. The latest ChatGPT-4 has a large
multimodal capable of accepting images and text
within a combined architecture and producing
contextual text outputs. The transformer processor
of GPT-4 can analyze the contents of an image and
connect that information with the text output. The
Toolformer, was introduced recently and it can
decide which application programming
interfaces (APls) to call, when to call them, what
arguments to pass, and how to incorporate the
results into the final analysis best.35 This can
be done in a self-supervised way.3¢ This tool can
make it easier to orchestrate multiple Al's and Al
pipelines of multiple Al applications. More research
is needed to allow the use of Toolformer with
proper training.

6.2 Data Orchestration
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Orchestration, in engineering, is coordinating and
managing multiple computer systems, applications,
and services to execute a larger workflow or
process. The goal of orchestration is to optimize the
execution of frequent and repeatable processes to
manage complex workflows. There are many
software tools for the orchestration of data and
automation and Al development.37-38

Data orchestration is an engineering process to
gather, clean, organize and analyze data for
decision-making. The goal of data orchestration is
to make data usable for ML. The data orchestration
concept has emerged to bring the right data for the
right purpose. The essence of data orchestration is
moving data from one application to another by
combing, verifying, and storing the data to make it
more useful.

So far, the data orchestration for CAD in radiology
is based on individual disease types, for example,
lung cancer or breast cancer. As Al applications
expand, we must apply various ML tools for data
orchestration at a larger scale using multiple data
sets beyond images, such as EHR, proteomics, and
pathology data.

6.3 Machine Learning Orchestration and
Avutomation for Efficiency

In a similar vein, machine learning orchestration
(MLO) tools are used to automate and manage ML
development  process and ML  pipeline
infrastructure. These tools also help developers
track and monitor models for further analysis. The
MLO development cycle starts with creating
features, setting up the training process, evaluating
the model, and monitoring the model.

One of the challenges that the CAD community faces
is refreshing the CAD system after the initial clinical
deployment. The FDA began to look at its role in
product management and optimization of Al
performance at users’ sites.3° The orchestration
process can be used for continuous performance
improvement of imaging Al in radiology. 40

6.4 Intelligence Management System for
Integrated Al Diagnosis

Integrating multiple Al tools into radiology
workflow will remain a major challenge in meeting
new technology demands emerging from radiology
as it evolves to VBS.4! The radiology workflow has
not fundamentally changed over the past 30 years.
To achieve VBS the workflow will change with Al
integration, Al cannot continue to be a “peripheral”
system to existing legacy IT systems. Existing systems
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must support Al life cycle requirements, like
continuous learning and drift mitigation strategies.
Image management and PACS must be re-defined
as an Intelligence Management System (IMS) for the
demand-pull Al adoption model.

There are some embryonic efforts led by multiple
professional organizations in North America and
Europe to develop acceptable platforms and
associated standards, as was the case when PACS
was developed with the DICOM standard in open
settings. This will require close collaboration
involving the entire radiology community following
the open engagement model.

7.0 Conclusion

Radiology has led digital transformation in
healthcare with digital imaging systems, PACS,
teleradiology, and image-guided procedures.
Artificial Intelligence (Al) has the potential to
revolutionize the practice of radiology, but many
tools have been developed in isolation, and the
adoption is slow. Moving from the current
technology-push model to demand-pull, combined
with collective, team-science approaches, will speed
up this adoption.42-43

Radiology is transitioning to value-based service,
along with the rest of the healthcare system. Value-
Based radiology focuses on delivering high-quality
care to patients while reducing costs and improving
outcomes. Al will be a critically important tool in
transforming radiology practice by enhancing the
accuracy and quality of diagnosis and improving
the productivity of radiology practices with
optimized workflow. Creating and documenting the
values of diagnostic services will become a high
priority, as will metrics that explicitly gauge bias
and equity. This ftransition process will create
demand for many new Al tools, Al orchestration
tools, and Intelligence Management Systems (IMS)
will be increasingly essential.

Avuthor Contribution: Authors listed provided equal
contributions to this editorial paper.

Conflict of Interest Statement: The authors have no
conflicts of interest to declare.

Funding Statement: N/A

Acknowledgments: Mr. Shijir Bayarsaikhan of
Arlington Innovation Center at Virginia Tech
provided technical assistance for the compilation of
references and designing graphics.

Medical Research Archives | https://esmed.org/MRA /index.php /mra/article /view /3064 7


https://esmed.org/MRA/index.php/mra/article/view/3064
https://esmed.org/MRA/mra

Medical
Research
Archives

References

1.

Lehr JL, Lodwick GS, Nicholson BF, Birznieks
FB. Experience with MARS (Missouri
Automated Radiology System). Radiology.
1973;106(2):289-94.
https://doi.org/10.1148/106.2.289.

Mun SK, Freedman M, Kapur R. Image
management and communications  for
radiology. IEEE Engineering in Medicine and
Biology Magazine. 1993;12(1):70-80.
doi:10.1109/51.195943.

Mun SK, Prior F, Caramella D, Ratib O.
Introduction to the special section on image
management in the healthcare enterprise.
IEEE Trans. Inf. Technol. Biomed. 2007;11
(1):1-6. doi:10.1109 /tith.2006.888236.
Mun SK, Levine B, Cleary K, Dai H.
Deployable teleradiology and
telemedicine for the US military. Comput.
Methods Programs Biomed. 1998;57 (1—
2):21-27. doi:10.1016/50169-
2607(98)00040-6.

Lo SCB, Chan HP, Lin JS, Li Huai, Freedman
M, Mun SK. Artificial convolution neural
network for medical image pattern
recognition. Neural Networks. 1995;8 (7—
8):1201-1214. doi:10.1016,/0893-
6080(95)00061-5.

Doi K. Computer-aided diagnosis in
medical imaging: historical review, current
status and future potential. Comput Med
Imaging Graph. 2007;31(4-5):198-211.
doi:10.1016 /j.compmedimag.2007.02.00
2.

Giger ML, Chan HP, Boone J. Anniversary
paper: History and status of CAD and
quantitative image analysis: The role of
medical physics and AAPM. Medical Physics.
2008;35(12):5799-5820.
doi:10.1118/1.3013555.

Gold LS, Klein G, Carr L, Kessler L, Sullivan
SD. The emergence of diagnostic imaging
technologies in breast cancer: discovery,
regulatory approval, reimbursement, and
adoption in clinical guidelines. Cancer
Imaging. 2012;12(1):13-24.
doi:10.1102/1470-7330.2012.0003.
Smetherman D, Golding L, Moy L, Rubin E.
The economic impact of Al on breast
imaging. Journal of Breast Imaging.
2022;4(3):302-308.
doi:10.1093/jbi/wbac012.

10.

11.

12.

13.

14.

15.

16.

17.

18.

Emerging Value-Based Radiology in the Era of Artificial Intelligence

Lehman CD, Wellman RD, Buist DS,
Kerlikowske K, Tostesonm AN, Miglioretti
DL, et al. Diagnostic accuracy of digital
screening mammography with and without
computer-aided detection. JAMA Internal
Medicine. 2015;175 (11):1828-1837.
doi:10.1001 /jamainternmed.2015.5231.
Fenton JJ, Taplin SH, Carney PA, et al.
Influence of computer-aided detection on
performance of screening
mammography. N Engl J Med.
2007;356(14):1399-1409.

doi:10.1056 /NEJMoa066099.

Gilbert FJ, Astley SM, Gillan MG, et al. Single
reading with computer-aided detection for
screening mammography. N Engl J Med.
2008;359(16):1675-1684.

doi:10.1056 /NEJM0oa0803545.

Grenier PA, Brun AL, Mellot F. The Potential
Role of Artificial Intelligence in Lung Cancer
Screening Using Low-Dose Computed
Tomography. Diagnostics. 2022;
12(10):2435.

https: //doi.org/10.3390/diagnostics1210
2435.

Lo SB, Freedman MT, Gillis LB, White CS,
Mun SK. JOURNAL CLUB: Computer-Aided
Detection of Lung Nodules on CT With a
Computerized Pulmonary Vessel
Suppressed Function. American Journal of
Roentgenology. 2018;210(3):480-488.
doi: 10.2214/qjr.17.18718.

Liv JA, Yang 1Y, Tsai EB. Artificial
Intelligence (Al) for Lung Nodules, From the
AJR Special Series on Al Applications.
American  Journal of Roentgenology.
2022;219(5):703-712. doi:
10.2214/qijr.22.27487.

Oakden-Rayner L. The Rebirth of CAD: How Is
Modern Al Different from the CAD We
Know?. Radiol Artif Infell. 2019;1(3):e180089.
doi:10.1148/ryai.2019180089.
Adler-Milstein J, Aggarwal N, Ahmed M, et al.
Meeting the Moment: Addressing Barriers and
Facilitating Clinical Adoption of Artificial
Intelligence  in  Medical Diagnosis. NAM
Perspect. 2022;2022:10.31478/202209%c.
doi:10.31478/202209c.

Hotte K. Demand-Pull, technology-push, and the
direction of technological change. Research
Policy. 2023;52(5).

https://doi.org/10.1016 /j.respol.2023.1047
40.

Medical Research Archives | https://esmed.org/MRA /index.php /mra/article /view /3915 8



https://esmed.org/MRA/index.php/mra/article/view/3915
https://esmed.org/MRA/mra
https://doi.org/10.3390/diagnostics12102435
https://doi.org/10.3390/diagnostics12102435

Medical
Research

19. Shaw J, Agarwal P, Desveaux L, et al. Beyond
"implementation": digital health innovation and
service design. NPJ Digit Med. 2018;1:48.
doi:10.1038/541746-018-0059-8.

20. Romanowski R. (2019). Managing Economic
Innovations — Ideas and Institutions. The Nature
of Innovation Management. Bogucki
Wydawnictwo Naukowe. 2019. doi:
10.12657/9788379862764-1.

21. Brady AP. Value-Based Radiology: A New
Focus to Optimise Impact. EMJ Radiology.
2022. doi:10.33590/emjradiol /22-00090.

22. Brink JA, Hricak H. Radiology
2040. Radiology. 2023;306(1):69-72.
doi:10.1148/radiol.222594.

23. Brady AP, Bello JA, Derchi LE, et al. Radiology
in the Era of Value-based Healthcare: A Multi-
Society Expert Statement from the ACR, CAR,
ESR, IS3R, RANZCR, and RSNA. Radiology.
2021;298(3):486-491.
doi:10.1148/radiol.2020209027.

24, Pettigrew R, Cavanagh R, Sheehan J, Cheetham
M. Advancing high-value imaging to support
patient care and research. Advancing High-
Value Imaging to Support Patient Care and
Research.https://obamawhitehouse.archives.g
ov/blog/2016/12/22/advancing-high-value-
imaging-support-patient-care-and-research.
Published December 22, 2016. Accessed April
10, 2023.

25. Imaging 3.0: American College of Radiology.
Imaging 3.0. https://www.acr.org/Practice-
Management-Quality-Informatics /Imaging-3.
Accessed April 4, 2023.

26. National Academies of Sciences, Engineering,
and Medicine; National Academy of Medicine;
Committee on Systems Approaches to Improve
Patient Care by Supporting Clinician Well-
Being. Taking Action Against Clinician Burnout:
A Systems Approach to Professional Well-
Being. Washington (DC): National Academies
Press (US); October 23, 2019.
doi:10.17226/25521.

27. van Leeuwen KG, de Rooij M, Schalekamp S,
van Ginneken B, Rutten MJCM. How does
artificial intelligence in radiology improve
efficiency and health outcomes? Pediatr Radiol.
2022;52(11):2087-2093.
doi:10.1007 /s00247-021-05114-8.

28. Letourneau-Guillon L, Camirand D, Guilbert F,
Forghani R. Artificial Intelligence Applications
for Workflow, Process Optimization and
Predictive Analytics. Neuroimaging Clin N Am.
2020;30(4):e1-e15.
doi:10.1016/j.nic.2020.08.008.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

Archives Emerging Value-Based Radiology in the Era of Artificial Intelligence

Pierre K, Haneberg AG, Kwak S, et al.
Applications of artificial intelligence in the
radiology roundtrip: Process Streamlining,
workflow optimization, and beyond. Seminars in
Roentgenology. 2023.
doi:10.1053/j.ro.2023.02.003.

Lo SB, Freedman MT, Mun SK.
Transformationally Identical and Invariant
Convolutional Neural Networks by Combining
Symmetric Operations or Input Vectors. arXiv
preprint. 2018. arXiv:1807.11156.
Zanfardino M, Franzese M, Pane K, et al.
Bringing radiomics into a multi-omics framework
for a comprehensive genotype—phenotype
characterization of oncological diseases.
Journal of Translational Medicine. 2019;17(1).
doi:10.1186/512967-019-2073-2.

Lambin P, Leijenaar RTH, Deist TM, et al.
Radiomics: the bridge between medical
imaging and personalized medicine. Nat Rev
Clin Oncol. 2017;14(12):749-762.
doi:10.1038 /nrclinonc.2017.141.

Chen X, Xie H, Wang FL, Liv Z, Xu J, Hao T. A
bibliometric analysis of natural language
processing in medical research. BMC Med
Inform Decis Mak. 2018;18(Suppl 1):14.
doi:10.1186/s12911-018-0594-x.

Hao T, Rusanov A, Boland MR, Weng C.
Clustering clinical trials with similar eligibility
criteria features. J Biomed Inform.
2014;52:112-120.
doi:10.1016/j.jbi.2014.01.009.

Vaswani A, Shazeer N, Parmar N, Uzkoreit,
Jones L, Gomez A, Kaiser L, Polosukhin.
Attention is you all need. arXiv. 2017.
https:/ /arxiv.org/abs/1706.03762.

Schick T, Dwivedi-Yu J, Dessi R, Raileanu R,
Lombeli M, Zettlemoyer L, Cancedda N,
Scialom T. Toolformer: Language Models Can
Teach Themselves to Use Tools. arXiv. 2023.
https://arxiv.org/abs/2302.04761.

Floris S, Alla S. Orchestration for data, machine
learning and infrastructure. Union.ai.
https://www.union.ai/blog-post /orchestration-
for-data-machine-learning-and-infrastructure.
Published November 11, 2022. Accessed April
6, 2023.

Linthicum D. The rise of Al Orchestration.
eWEEK.  https://www.eweek.com/big-data-
and-analytics/ai-orchestration/. Published
January 17, 2023. Accessed April 6, 2023.
Center for Devices and Radiological Health.
CDRH Draft Guidance on change control plans
for Al/ML-enabled devices. U.S. Food and
Drug Administration.
https://www.fda.gov/medical-
devices/medical-devices-news-and-

Medical Research Archives | https://esmed.org/MRA /index.php /mra/article /view /3064 9



https://esmed.org/MRA/index.php/mra/article/view/3064
https://esmed.org/MRA/mra

Medical
Research
Archives

40.

41.

events/cdrh-issues-draft-guidance-
predetermined-change-control-plans-artificial-
intelligencemachine. Published March 30,
2023. Accessed April 6, 2023.

Cohen RY, Sodickson AD. An Orchestration
Platform that Puts Radiologists in the Driver's
Seat of Al Innovation: a Methodological
Approach. J Digit Imaging. 2023;36(2):700-
714. doi:10.1007 /s10278-022-00649-0.
Juluru K, Shih HH, Keshava Murthy KN, et al.
Integrating Al Algorithms into the Clinical
Workflow. Radiol Artif Intell.

42.

43.

Emerging Value-Based Radiology in the Era of Artificial Intelligence

2021;3(6):e210013.
doi:10.1148/ryai.2021210013.

Reyna MA, Nsoesie EO, Clifford GD. Rethinking
Algorithm Performance Metrics for Artificial
Intelligence in Diagnostic Medicine. JAMA.
2022;328(4):329-330.

doi:10.1001 /joma.2022.10561.

Koh DM, Papanikolaou N, Bick U, et al. Artificial
intelligence and machine learning in cancer
imaging. Commun Med (Lond). 2022;2:133.
doi:10.1038/543856-022-00199-0.

Medical Research Archives | https://esmed.org/MRA /index.php /mra/article /view /3915 10



https://esmed.org/MRA/index.php/mra/article/view/3915
https://esmed.org/MRA/mra

