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Abstract

Despite its promising potential to transform medical care, particularly in the field of medical images, the integration of
artificial intelligence (Al) into clinical practice remains a complex and multifaceted challenge. In real-world settings, Al tools
may demonstrate limited clinical impact, suboptimal performance, and security vulnerabilities, and face regulatory constraints.
This viewpoint explores how the principles of design thinking can provide a structured road map for Al implementation in
radiology. By emphasizing user-centeredness, fostering multidisciplinary collaboration, and embedding iterative refinement,
this approach offers practical guidance for identifying clinical and operational needs, selecting and validating appropriate

solutions, and ensuring effective deployment with continuous improvement.
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Introduction

The adoption of artificial intelligence (AI) holds great
promise for improving several aspects of medical care [1].
Radiology stands out as the leading specialty in AI and
machine learning patents, with 1160 patents filed worldwide
over the past decades [2]. These solutions span a wide range
of functions, from automation of repetitive tasks and image
interpretation to workflow orchestration [3], contributing to a
market projected to reach US $21 billion by 2030 [4].

Despite this promising landscape, integrating Al tools into
clinical practice remains highly challenging [5]. Perform-
ance observed in real-world practice is often lower than
the metrics reported in algorithm development settings [6].
Additional barriers include concerns about data privacy
and regulatory compliance [7], lack of interoperability
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with existing institutional workflows [8], and insufficient
user engagement [9]. Previous studies have appropriately
highlighted the importance of governance structures and
technical pipelines for Al implementation [5,10]. However,
perhaps most critically, even Al solutions that meet all
technical and regulatory requirements may fail to deliver
meaningful impact if they are not aligned with the specific
needs of the institution where they are deployed [11].

This gap between innovation and impact is a common
dilemma in the implementation of new technologies: tools
may be technically sophisticated but fail to generate value if
they do not solve real-world user problems. Just as not all
problems have solutions, not all solutions solve real problems.
To address this challenge, we proposed using design thinking
as a guiding road map for implementing Al in radiology [12].
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Figure 1. Design thinking—informed road map for artificial intelligence adoption in radiology. The process progresses from opportunity identification
(need assessment and technology awareness) to solution selection (technology triage and technical evaluation) and implementation (pilot testing and

feedback-driven iteration).
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Although originally developed in the fields of product and
service design, this structured and iterative approach has
been widely adopted to solve complex problems through
human-centered strategies, collaborative decision-making,
and continuous refinement [13]. By closely examining
stakeholder experiences, specific sources of dissatisfaction or
frustration can be identified, guiding the selection of solutions
that offer meaningful impact and a greater likelihood of
adoption.

Importantly, existing Al implementation frameworks offer
limited practical guidance on how to operationalize user-cen-
tered principles throughout the decision-making process. This
gap has contributed to the frequent adoption of Al solu-
tions that demonstrate technical promise but fail to generate
measurable clinical or operational value, leading to inefficient
use of institutional resources [14]. To address this limita-
tion, this viewpoint provides a practical operationalization of
design thinking principles across concrete phases (opportunity
identification, solution selection, and implementation) for Al
implementation in radiology (Figure 1).

Opportunity Identification

Need Assessment

The design thinking framework begins with an empathetic,
immersive exploration of the real-world challenges faced
by users. In radiology, this phase starts with a comprehen-
sive assessment of institutional workflows to understand
the people, processes, and systems involved, including the
types of exams performed, clinical specialties covered,
and reporting routines (Figure 2). Building on such map-
ping, structured interviews and co-design workshops with
radiologists and other end users help to identify the most
significant pain points in each stage of the workflow. The
structuring and prioritization of these observed challenges
correspond to the define phase of design thinking. A previous
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study detailed a structured approach to workflow mapping
in radiology, identifying operational inefficiencies that were
then prioritized according to their frequency and impact on
clinical, financial, and staff well-being outcomes [15].

At our institution, the process of need assessment is
conducted jointly by the radiology and innovation depart-
ments (Table 1). Following workflow mapping, we organize
open discussion forums with clinical staff and end users, with
each session focused on a specific stage of the workflow. This
broad participation fosters a sense of ownership over future
solutions, reducing resistance to adoption and promoting
long-term engagement. Recurring pain points identified in
these forums include work overload, radiologist fatigue, and
repetitive, time-consuming activities such as clerical tasks and
manual measurements.

It is also important to recognize that problems and needs
are socially and technologically constructed. A situation
is often only framed as a “problem” once an improved
alternative is perceived as feasible. Without this perceived
gap between what is and what could be, long-standing
inefficiencies tend to be normalized as immutable aspects of
clinical practice. Conversely, new innovations can retroac-
tively cast previously accepted practices as suboptimal. For
instance, the introduction of Al-based automated worklist
prioritization has shifted perceptions of manual triage, which
was once considered adequate.

Thus, while problem-driven approaches are essential to
ensure user-centered and clinically relevant AI adoption,
technology awareness plays a pivotal role in reshaping
tolerance for existing inefficiencies. We, therefore, recom-
mend that open forums not only validate user-reported pain
points but also include discussions of existing technological
solutions, assessing whether they can effectively address the
specific needs of the institution.

In this sense, although traditional design thinking
frameworks transition from problem definition to ideation
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as a stage for generating novel solutions, in the context of developing entirely new solutions, institutions systematically
health care technology implementation, this phase often takes explore available and emerging tools aligned with identified
the form of structured technology scouting. Thus, rather than needs.

Figure 2. Identification of opportunities for artificial intelligence (AI) implementation in radiology. The need assessment phase involves an in-depth
analysis of institutional workflows to identify pain points (some of them exemplified in red) experienced by stakeholders. Awareness of Al
capabilities (in green) can reveal latent opportunities by reframing performance expectations and guiding the prioritization of impactful solutions.
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Table 1. Key phases, activities, and stakeholders involved in the implementation of artificial intelligence (Al) in radiology.

Phase Need assessment

Technology selection

Technical evaluaton

Activities Mapping institutional workflows and

validating pain points solutions

Stakeholders Radiology and innovation
departments

administrators)

Selection of commercially available Al

Governance structure (radiologists, data
scientists, IT professionals, and hospital

Assessing solution architecture, data protection, and
cybersecurity

Multidisciplinary IT team (expertise in systems
architecture, data governance, privacy compliance,
and information security)

Al Use Cases in Radiology

Given the importance of technology awareness in uncovering
latent opportunities for improvement, this section outlines
some of the main use cases of Al in radiology (Figure 1, in
green). Although image interpretation has received the most
emphasis, growing evidence highlights AI’s potential across
the entire imaging process [10].

At the preimaging stage, clinical decision support (CDS)
algorithms are assisting physicians in exam ordering by
considering the patient’s specific clinical scenario, includ-
ing determining whether imaging is indicated and identify-
ing the most cost-effective modality [16]. These tools aim
to optimize resource use, decrease practice variability, and
improve adherence to protocols. A commercial CDS platform
integrated with electronic medical records (EMRs) [17]
reduced the frequency of low-utility imaging studies (from
11% to 54%) and increased the proportion of appropriate
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studies (from 64.5% to 82%). Although still under devel-
opment, deep learning (DL) techniques aim to leverage
large-scale data from EMRs by integrating diverse clinical
inputs to generate patient-specific recommendations [18,19].

Another promising preimaging application is the use
of large language models to automatically generate struc-
tured clinical histories from EMR notes to accompany
imaging requisitions, which frequently lack essential clinical
information, with up to 81% found to be incomplete and
42% discordant when compared to corresponding provider
notes in the EMR [20]. These discrepancies can negatively
impact exam planning and, more importantly, the accu-
racy of radiologic interpretation. In a recent study [21]
involving oncologic computed tomography (CT) exams,
GPT-4 significantly outperformed physician-written histories
in completeness, being preferred by radiologists in 89% of
cases.
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In image acquisition, DL reconstruction techniques
significantly reduce magnetic resonance imaging (MRI)
acquisition times without compromising image quality [22].
Among clinical applications, musculoskeletal radiology has
been the most impacted, given its demand for high spatial
resolution and precise tissue characterization [23]. One study
showed that DL-based reconstruction enabled a comprehen-
sive 5-minute knee MRI at 3 T, with image quality inter-
changeable with standard images and diagnostic agreement
preserved over 96% of the time for any feature evaluated
[24]. Similarly, another prospective validation of a DL-accel-
erated knee MRI protocol demonstrated that scan time
could be nearly halved compared to standard imaging while
maintaining image quality and diagnostic equivalence [25].

In the domain of image interpretation, Al tools are
increasingly used to enhance diagnostic accuracy and
prioritize urgent cases. DL algorithms have demonstrated
efficacy in detecting fractures on radiographs, often achieving
performance comparable to that of emergency physicians and
radiologists [26,27]. Similarly, Al assistance has improved
the detection of thoracic abnormalities on chest radiographs,
particularly in high-volume clinical settings [28]. In parallel,
Al tools have proven valuable for triaging and prioritizing
critical findings. For instance, deep neural networks have
been used to flag abnormal chest radiographs for expedited
review [29]. Furthermore, a prospective study demonstrated
that an Al system for CT pulmonary angiography identified
pulmonary emboli, decreasing waiting times for positive
studies [30]. These studies underscore the growing role of
Al as an assistive tool to support radiologists in managing
increasing imaging volumes.

Al is also driving significant advancements in radiology
reporting, with natural language processing tools enabling the
extraction of structured data from free-text reports. Struc-
tured reporting improves communication, fosters collabora-
tion among medical professionals, and standardizes reporting
language between institutions [31]. A recent study demon-
strated the potential of GPT-4 in autonomously selecting
the most appropriate structuring template before extracting
findings, successfully converting all tested free-text reports
into valid JSON files without errors [32]. Another study
integrated natural language processing with speech recogni-
tion to develop a reporting tool capable of real-time con-
versions of dictation into structured reports, achieving high
accuracy in the context of urolithiasis CT reporting [33].
Overall, these innovations enhance report clarity, reduce
interobserver variability, and enable more actionable and
interoperable documentation across health care systems.

Solution Selection

Governance Structure

Resource limitations impose the necessity of defining which
opportunities should be prioritized, a process facilitated by
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a governance structure: a formalized system of roles and
procedures that guides a multidisciplinary team in collabora-
tive decision-making for technology selection (Table 1).

Governance structures should ideally comprise a multidis-
ciplinary coalition of stakeholders, including radiologists,
data scientists, IT professionals, and hospital administrators.
This diversity of expertise is essential to balance clini-
cal imperatives with operational constraints and regulatory
requirements. Radiologists offer in-depth knowledge and
insight into workflow demands and clinical priorities; data
scientists bring expertise in algorithm development, model
validation, and performance monitoring; IT professionals
oversee systems integration, cybersecurity, and infrastruc-
ture readiness; and administrators ensure alignment with
institutional strategies, regulatory compliance, and resource
allocation.

The assembly of a multidisciplinary governance team
faces several barriers. In practice, fragmentation between
departments, competing priorities, and siloed decision-mak-
ing structures often lead to duplicated efforts and subopti-
mal allocation of resources [34-36]. Conversely, institutions
that embed AI initiatives within a unified organizational
strategy demonstrate better coordination across administrative
units and more effective distribution of funding [5]. Accord-
ingly, active involvement of executive leadership is critical to
incorporate Al initiatives into the broader strategic agenda
of the health care organization and to legitimate institu-
tional commitment [37]. Leadership sponsorship can help
overcome organizational silos by promoting formal cross-
department governance committees, standardized communi-
cation channels, and shared key performance indicators
(KPIs) across departments [35]. Importantly, this institutional
commitment must be reflected in tangible investments, from
infrastructure planning to allocation of dedicated resources,
including protected time for clinicians to participate in
governance activities and sustained investment in a devoted
workforce, particularly in key roles such as data scientists and
informaticians.

Technology Triage

In traditional design thinking, the prototyping phase follows
ideation. In the context of health care technology implementa-
tion, however, once potential solutions have been identified
through technology scouting, this step is operationalized as
the triage of commercially available tools (Figure 3 and
Table 1). Institutions may alternatively choose to develop
proprietary algorithms, an objective that can also benefit
from the preceding design thinking steps. However, algorithm
development has been extensively addressed elsewhere and is
not the primary focus here [38].
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Figure 3. Technology selection of artificial intelligence solutions in radiology. Candidate commercial tools are evaluated through sequential criteria,
including value proposition, economic feasibility, regulatory compliance, performance, and value realization.

Economic
feasibility

Value
proposition

2
o
ot
i
©
=
@
S
S
o
O

The selection process begins with a comprehensive review of
available Al products that align with the institution’s intended
clinical applications [39]. At this stage, it is essential to
critically assess each solution’s value proposition, ensuring
that it directly addresses the pain points identified during
the need assessment phase. Priority should be given to
tools offering specific and measurable benefits rather than
to those promising broadly defined improvements. Impor-
tantly, the evaluation process should involve professionals
who are directly engaged in the specific stage of the radiology
workflow targeted by the solution. For example, preimaging
tools often affect administrative staff and referring clini-
cians, solutions at the acquisition stage primarily impact
technologists and protocol management, and interpretation-
focused tools most directly involve radiologists. Engaging
these stakeholders enables a more accurate assessment of
the solution’s value proposition by individuals who rou-
tinely experience the underlying needs in clinical practice.
Moreover, their participation facilitates early identification
of stage-specific barriers to adoption, including workflow
disruption, resistance to change, and training requirements.

Subsequently, institutions must evaluate the economic
sustainability of each solution, considering not only licensing
fees but also implementation-related expenses, such as cloud
services, local hardware, and system integration, as well as
maintenance requirements. At this stage, the objective is not
to conduct a formal cost-effectiveness analysis but rather
to determine whether the solution is financially compatible
with institutional resource constraints. Early screening of
financial feasibility functions as a gatekeeping step, prevent-
ing unnecessary progression to resource-intensive activities,
such as technical evaluation and pilot testing, for economi-
cally impractical solutions.

Beyond economic feasibility, regulatory status represents a
second fundamental eligibility filter in the selection process.
Regulatory compliance requirements may vary according to
the stage of the radiology workflow targeted by the solu-
tion. While applications focused on image acquisition or
workflow optimizations often face less stringent regulatory
oversight, Al tools with direct clinical applications, such as
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CDS systems and image interpretation algorithms, require
more rigorous evaluation [40], as they are typically classi-
fied as software as a medical device (SaMD). International
initiatives, such as those led by the International Medical
Device Regulators Forum, have helped shape the frameworks
guiding SaMD regulation [41]. These principles have been
incorporated into the legislation of the European Union [42],
the United States [43], and Brazil [44,45]. However, each
country maintains its own independent approval process.
Therefore, institutions must ensure that the selected solutions
hold current clearance from the appropriate regulatory agency
in the jurisdiction where implementation is intended.

Once solutions have met relevance, economic feasibility,
and regulatory eligibility criteria, performance evaluation
becomes the primary basis for comparative decision-mak-
ing. The performance of each solution must be rigorously
evaluated using technical and real-world impact indicators,
according to the solution evaluated. For image interpreta-
tion applications, technical metrics remain essential and
include accuracy, sensitivity, specificity, and predictive
values. Importantly, models trained on limited or homogene-
ous datasets often exhibit reduced generalizability, underper-
forming when deployed in clinical environments that differ
from their development context [46]. Therefore, preference
should be given to algorithms validated through external
multicenter studies, as these are more likely to demonstrate
consistent performance across diverse settings and patient
populations [47].

However, even highly accurate models may fail to deliver
meaningful clinical value or may encounter resistance to
adoption. Accordingly, nontechnical KPIs should also be
incorporated into decision-making. For clinical applications,
these may include report turnaround time, clinician time
saved, alert fatigue, and radiologist satisfaction, whereas for
other stages of the radiology workflow, relevant KPIs may
include scheduling efficiency, protocol adherence, scan time
reduction, or user adoption rates.

Together, these technical and operational performance
indicators allow institutions to quantify the real-world impact
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of the solution’s value proposition. When baseline indica-
tors related to the targeted clinical or operational prob-
lem are available, institutions can estimate context-specific
effects of implementation. At this point, performance data
are used to estimate value realization, whereby quantified
impact provides the empirical basis for return-on-investment
calculations and more refined cost-effectiveness considera-
tions [39].

Importantly, although economic evaluations are typically
grounded in currently available performance evidence,
the dynamic nature of AI systems introduces an addi-
tional temporal dimension of value, as such tools may
undergo iterative improvement. Moreover, early implementa-
tion can generate cumulative institutional benefits, includ-
ing workforce familiarization, workflow optimization, and
progressive digital infrastructure development. As a result,
the overall value of these solutions may extend beyond their

Monnaka et al

initially observed impact, supporting the incorporation of
longitudinal and strategic considerations alongside conven-
tional cost-effectiveness analyses.

Technical Evaluation

After potential solutions have been short-listed based on the
criteria discussed above, a rigorous technical evaluation must
be conducted by a multidisciplinary IT team (Table 1). This
team should ideally include professionals with expertise in
systems architecture, data governance, privacy compliance,
and information security. The objective of this assessment is
to verify that the selected tools can be effectively integrated
into the hospital’s existing digital infrastructure and to ensure
adherence to established best practices in data protection and
cybersecurity, thereby safeguarding both patient information
and institutional integrity (Figure 4).

Figure 4. Technical evaluation of artificial intelligence solutions in radiology. Candidate tools are assessed in terms of system architecture (data
inputs, processing environment, and delivery strategy) and compliance with data privacy and security requirements. EMR: electronic medical record;

PACS: picture archiving and communication system.

Results delivery

Data privacy and security

The solution architecture is initially mapped to ensure
effective data management and interoperability with
institutional systems [8]. This process involves identifying
the data inputs and their sources, the processing environment,
and the strategy for delivering results to end users. Inputs
typically include medical images and associated metadata
retrieved from picture archiving and communication systems
(PACS) using the standardized Digital Imaging and Com-
munications in Medicine (DICOM) format. Some solutions
may also leverage structured clinical information extracted
from EMRs, such as patient demographics, comorbidities,
and laboratory results. For these integrations, interoperabil-
ity frameworks developed by Health Level Seven (HL7)
International, particularly the Fast Healthcare Interoperability
Resources (FHIR) standard, have gained increasing adoption
[48]. Processing may occur locally, on dedicated GPUs, or
remotely, via cloud-based services. Local processing offers
greater control over sensitive health information but demands
substantial infrastructure and specialized technical personnel.
In contrast, cloud-based solutions offer greater scalability and
easier maintenance, though they require reliable connectivity
and robust security protocols [49]. A detailed overview of
hardware requirements for local GPU configurations has been
discussed elsewhere [50].
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Additionally, a thorough assessment of data privacy and
security must be conducted. Systems must comply with
national data protection regulations, particularly regarding
principles such as purpose limitation, transparency, and data
minimization. Access to sensitive data should be restricted
to authorized personnel by robust authentication mechanisms
[7]. Encryption and anonymization provide additional layers
of protection and should be implemented whenever feasi-
ble, either by rendering data unintelligible to unauthorized
parties or by fully removing personally identifiable elements.
Communication protocols must follow secure data transmis-
sion standards, such as HTTPS or SSL/TLS. Finally, disaster
recovery plans should be in place to ensure institutional
resilience in the event of security breaches, data loss, or
system outages.

Implementation

Pilot Testing

Selected AI solutions must undergo internal validation in
a controlled setting, a process known as pilot testing, to
assess their performance, usability, and impact prior to full
institutional deployment. This phase serves as a strategic
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checkpoint to confirm real-world value, identify potential
implementation challenges, and build confidence for safe and
scalable integration across the organization (Figure 5).

A fundamental objective of pilot testing is to determine
whether the Al tool maintains its reported accuracy when
applied within the adopting institution’s specific clinical
context. As discussed in the technology selection phase, the

Monnaka et al

performance of commercial solutions can be significantly
compromised when the algorithm’s training data differs from
the local dataset in terms of imaging modalities, work-
flow characteristics, or patient demographics [6]. Therefore,
internal validation using case samples derived from the
institution’s own data is essential to reliably assess perform-
ance metrics.

Figure 5. Implementation of artificial intelligence solutions in radiology. Pilot testing is performed in a controlled environment with separated
datasets to evaluate algorithm performance, impact, and usability. After institutional deployment, these parameters are continuously monitored to

support an iterative improvement cycle.

Measure

Pilot testing

Performance
Impact
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Institutional deployment
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Pilot testing also provides a valuable opportunity to assess the
broader organizational impact of an Al solution. Measurable
clinical and operational benefits should be quantified, as even
tools with excellent performance may fail to deliver real-
world value depending on the specific context in which they
are deployed [51]. For instance, in environments where the
baseline workflows are already highly efficient or the volume
of applicable cases is low, expected gains in productivity
or time savings may prove negligible. While local bene-
fits are often overstated, the resource demands associated
with implementation tend to be underestimated. Pilot testing,
therefore, enables a realistic appraisal of the solution’s burden
on IT infrastructure, including requirements for technical
support, system maintenance, and staff training [52]. These
data are critical for informing return-on-investment calcu-
lations and supporting evidence-based decisions regarding
broader institutional scale-up.

The successful adoption of Al tools in radiology also
depends heavily on clinician engagement, which is strongly
influenced by the perceived usefulness, ease of use, and trust
in the system’s output [53]. In this context, pilot testing
can be used to assess user experience through systematic
collection of structured feedback from radiologists and other
end users, with surveys, interviews, or usability testing
sessions [9]. This feedback helps identify key barriers to
adoption, such as skepticism regarding algorithm reliabil-
ity, low perceived added value, or disruption to established
workflows [52]. When such obstacles are recognized early,
targeted strategies can be implemented to enhance accept-
ance, such as optimizing the user interface or providing
tailored training on how to integrate the tool effectively into
clinical routines.

To safeguard the interests of all parties involved, this
phase should be legally formalized through a well-defined
pilot contract that explicitly specifies the scope and objectives
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of the evaluation, delineates the responsibilities of each
party, and incorporates essential clauses addressing compli-
ance, confidentiality, and intellectual property rights. In our
institution, we ensure that results are shared with partici-
pating companies, fostering collaborative improvements in
performance and user experience.

Feedback-Driven Iteration

Implementing Al in clinical practice is a continuous process
of adaptation and refinement. Once a tool is deployed,
real-world use often exposes limitations that may not have
been fully apparent during pilot testing. Embedding feedback
loops into routine operations is, therefore, essential to ensure
long-term value and sustained user engagement [54] (Figure
2, bottom).

Iterative improvement depends on the systematic
monitoring of both KPIs and user experience [55]. KPIs
may include algorithm accuracy, clinical or operational
impact, and demands on IT infrastructure. While many
of these aspects are initially assessed during pilot testing,
the postdeployment phase yields more comprehensive and
representative data, owing to the broader scale and greater
heterogeneity of use cases. On the user side, continuous
education must remain responsive to reported challenges and
evolving clinical needs.

Finally, institutions must be prepared to pause or with-
draw Al tools that fail to demonstrate sustained value or
that impose disproportionate burdens. Thus, feedback-driven
iteration is a structural imperative for verifying whether Al
technologies deliver their intended value in an effective and
sustainable manner.
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lllustrative Example Across
Framework Phases

A representative case involved the use of Al to support
the interpretation of initial chest radiographs requested
for patients presenting with respiratory complaints in the
emergency department.

Opportunity Identification

Workflow mapping and user discussions revealed that, in
high-demand clinical settings, frontline clinicians frequently
experienced diagnostic uncertainty when interpreting chest
radiographs under time pressure. In such contexts, radiol-
ogists often prioritized cross-sectional imaging studies (CT
and MRI), while lower-complexity examinations such as
chest radiographs were reviewed later in the reporting
queue. Consequently, initial clinical decisions were frequently
made by frontline physicians before radiologist interpretation
became available.

The key pain point was, therefore, defined as the lack
of immediate decision support at this early stage of care.
While clinicians were generally able to recognize the primary
abnormality related to the presenting complaint (eg, consol-
idation in suspected pneumonia), additional or incidental
yet clinically relevant findings, such as pulmonary nodules
or pneumothorax, were at risk of being overlooked under
conditions of high workload and cognitive pressure.

Solution Selection

A screening of commercially available tools was conducted to
identify solutions capable of supporting frontline physicians
in detecting high-risk findings without disrupting existing
workflow speed. Because these examinations generated
limited revenue, economic screening focused on ensuring
that implementation costs were compatible with institutional
constraints and justified by anticipated safety and efficiency
gains. Candidate tools were further assessed for regulatory

Monnaka et al

compliance in accordance with CDS requirements. Perform-
ance evaluation included both technical metrics (eg, algorithm
accuracy) and real-world indicators, such as reduction in
missed critical findings. Although baseline institutional data
on missed findings were not available, value realization in
this context would rely on estimating the expected reduction
in missed cases and translating this effect into institutional
impact relative to implementation costs for return-on-invest-
ment calculations. The selected tool also underwent techni-
cal evaluation to verify compatibility with the institution’s
digital infrastructure. The implemented architecture enabled
automated retrieval of chest radiographs from PACS for
algorithm processing, with Al-generated findings returned as
notifications directly within the PACS environment.

Implementation

The tool was initially deployed in a controlled pilot set-
ting, enabling identification of practical adoption challenges.
For example, Al-generated images created confusion among
clinicians and radiology technicians who had not received
prior training, underscoring the importance of structured
onboarding and communication strategies as key determinants
of effective adoption.

Conclusion

Design thinking offers a valuable framework for guiding the
implementation of Al technologies in radiology. As dis-
cussed in this viewpoint, its user-centered approach facili-
tates the selection of tools with meaningful impact, tailored
to the institution’s specific clinical and operational needs.
The emphasis on collaborative decision-making fosters the
multidisciplinary coalition necessary to navigate through the
technical, ethical, and organizational complexities of Al
adoption in health care. Finally, its iterative nature supports
continuous refinement based on real-world validation of
performance, clinical impact, user experience, and infrastruc-
ture demands.

Funding

The authors declare that no financial support was received for this work.

Conflicts of Interest

The radiology department affiliated with GS and HMHL has received research funding from Canon Medical Systems. The

remaining authors declare no competing interests.

References

1.  FElhalawani H, Mak R. Are artificial intelligence challenges becoming radiology’s new “Bee’s Knees”? Radiol Artif
Intell. May 2021;3(3):¢210056. [doi: 10.1148/ryai.2021210056] [Medline: 34138989]

2. Benjamens S, Dhunnoo P, Gérog M, Mesko B. Forecasting artificial intelligence trends in health care: systematic
international patent analysis. JMIR Al. May 26, 2023;2:e47283. [doi: 10.2196/47283]

3. Pianykh OS, Langs G, Dewey M, et al. Continuous learning Al in radiology: implementation principles and early
applications. Radiology. Oct 2020;297(1):6-14. [doi: 10.1148/radiol.2020200038] [Medline: 32840473]

4.  Tadavarthi Y, Vey B, Krupinski E, et al. The state of radiology Al: considerations for purchase decisions and current
market offerings. Radiol Artif Intell. Nov 2020;2(6):¢200004. [doi: 10.1148/ryai.2020200004] [Medline: 33937846]

5.  Daye D, Wiggins WF, Lungren MP, et al. Implementation of clinical artificial intelligence in radiology: who decides and
how? Radiology. Dec 2022;305(3):555-563. [doi: 10.1148/radiol.212151] [Medline: 35916673]

https://ai.jmir.org/2026/1/e87360

JMIR AI 2026 | vol. 5 1e87360 | p. 8
(page number not for citation purposes)


https://doi.org/10.1148/ryai.2021210056
http://www.ncbi.nlm.nih.gov/pubmed/34138989
https://doi.org/10.2196/47283
https://doi.org/10.1148/radiol.2020200038
http://www.ncbi.nlm.nih.gov/pubmed/32840473
https://doi.org/10.1148/ryai.2020200004
http://www.ncbi.nlm.nih.gov/pubmed/33937846
https://doi.org/10.1148/radiol.212151
http://www.ncbi.nlm.nih.gov/pubmed/35916673
https://ai.jmir.org/2026/1/e87360

JMIR Al Monnaka et al

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

217.

28.

29.

Bizzo BC, Dasegowda G, Bridge C, et al. Addressing the challenges of implementing artificial intelligence tools in
clinical practice: principles from experience. J Am Coll Radiol. Mar 2023;20(3):352-360. [doi: 10.1016/j.jacr.2023.01.
002] [Medline: 36922109]

Saw SN, Ng KH. Current challenges of implementing artificial intelligence in medical imaging. Phys Med. Aug
2022;100:12-17. [doi: 10.1016/j.ejmp.2022.06.003] [Medline: 35714523 ]

Blezek DJ, Olson-Williams L, Missert A, Korfiatis P. Al integration in the clinical workflow. J Digit Imaging. Dec
2021;34(6):1435-1446. [doi: 10.1007/s10278-021-00525-3] [Medline: 34686923]

Filice RW, Ratwani RM. The case for user-centered artificial intelligence in radiology. Radiol Artif Intell. May
2020;2(3):e190095. [doi: 10.1148/ryai.2020190095] [Medline: 33937824]

Kapoor N, Lacson R, Khorasani R. Workflow applications of artificial intelligence in radiology and an overview of
available tools. J Am Coll Radiol. Nov 2020;17(11):1363-1370. [doi: 10.1016/].jacr.2020.08.016] [Medline: 33153540]
He J, Baxter SL, Xu J, Xu J, Zhou X, Zhang K. The practical implementation of artificial intelligence technologies in
medicine. Nat Med. Jan 2019;25(1):30-36. [doi: 10.1038/s41591-018-0307-0] [Medline: 30617336]

Brown T. Design thinking. Harv Bus Rev. Jun 2008;86(6):84-92. [Medline: 18605031]

Krolikowski KA, Bi M, Baggott CM, Khorzad R, Holl JL, Kruser JM. Design thinking to improve healthcare delivery in
the intensive care unit: promise, pitfalls, and lessons learned. J Crit Care. Jun 2022;69:153999. [doi: 10.1016/].jcrc.2022.
153999] [Medline: 35104692]

Kelly CJ, Karthikesalingam A, Suleyman M, Corrado G, King D. Key challenges for delivering clinical impact with
artificial intelligence. BMC Med. Oct 29,2019;17(1):195. [doi: 10.1186/s12916-019-1426-2] [Medline: 31665002]
Bharadwaj P, Berger M, Blumer SL, Lobig F. Selecting the best radiology workflow efficiency applications. J Imaging
Inform Med. Dec 2024;37(6):2740-2751. [doi: 10.1007/s10278-024-01146-2] [Medline: 38877296]

Chen D, Bhambhvani HP, Hom J, et al. Effect of electronic clinical decision support on imaging for the evaluation of
acute low back pain in the ambulatory care setting. World Neurosurg. Feb 2020;134:e874-e877. [doi: 10.1016/j.wneu.
2019.11.031] [Medline: 31733384]

Huber TC, Krishnaraj A, Patrie J, Gaskin CM. Impact of a commercially available clinical decision support program on
provider ordering habits. ] Am Coll Radiol. Jul 2018;15(7):951-957. [doi: 10.1016/j.jacr.2018.03.045] [Medline:
29807818]

Esteva A, Robicquet A, Ramsundar B, et al. A guide to deep learning in healthcare. Nat Med. Jan 2019;25(1):24-29.
[doi: 10.1038/s41591-018-0316-z] [Medline: 30617335]

Rajkomar A, Oren E, Chen K, et al. Scalable and accurate deep learning with electronic health records. NPJ Digit Med.
2018;1(1):18. [doi: 10.1038/s41746-018-0029-1] [Medline: 31304302]

Lacson R, Laroya R, Wang A, et al. Integrity of clinical information in computerized order requisitions for diagnostic
imaging. J Am Med Inform Assoc. Dec 1,2018;25(12):1651-1656. [doi: 10.1093/jamia/ocy133] [Medline: 30517649]
Bhayana R, Alwahbi O, Ladak AM, et al. Leveraging large language models to generate clinical histories for oncologic
imaging requisitions. Radiology. Feb 2025;314(2):e242134. [doi: 10.1148/radiol.242134] [Medline: 39903072]

Lin DJ, Walter SS, Fritz J. Artificial intelligence-driven ultra-fast superresolution MRI: 10-fold accelerated
musculoskeletal turbo spin echo MRI within reach. Invest Radiol. Jan 1, 2023;58(1):28-42. [doi: 10.1097/RLI.
0000000000000928] [Medline: 36355637]

Guermazi A, Omoumi P, Tordjman M, et al. How Al may transform musculoskeletal imaging. Radiology. Jan
2024;310(1):e230764. [doi: 10.1148/radiol.230764] [Medline: 38165245]

Recht MP, Zbontar J, Sodickson DK, et al. Using deep learning to accelerate knee MRI at 3 T: results of an
interchangeability study. AJR Am J Roentgenol. Dec 2020;215(6):1421-1429. [doi: 10.2214/AJR.20.23313] [Medline:
32755163]

Johnson PM, Lin DJ, Zbontar J, et al. Deep learning reconstruction enables prospectively accelerated clinical knee MRI.
Radiology. Apr 2023;307(2):e220425. [doi: 10.1148/radiol.220425] [Medline: 36648347]

Duron L, Ducarouge A, Gillibert A, et al. Assessment of an Al aid in detection of adult appendicular skeletal fractures by
emergency physicians and radiologists: a multicenter cross-sectional diagnostic study. Radiology. Jul
2021;300(1):120-129. [doi: 10.1148/radiol.2021203886] [Medline: 33944629]

Guermazi A, Tannoury C, Kompel AJ, et al. Improving radiographic fracture recognition performance and efficiency
using artificial intelligence. Radiology. Mar 2022;302(3):627-636. [doi: 10.1148/radiol.210937] [Medline: 34931859]
Bennani S, Regnard NE, Ventre J, et al. Using Al to improve radiologist performance in detection of abnormalities on
chest radiographs. Radiology. Dec 2023;309(3):€230860. [doi: 10.1148/radiol.230860] [Medline: 38085079]
Annarumma M, Withey SJ, Bakewell RJ, Pesce E, Goh V, Montana G. Automated triaging of adult chest radiographs
with deep artificial neural networks. Radiology. Apr 2019;291(1):196-202. [doi: 10.1148/radiol.2018180921] [Medline:
30667333]

https://ai.jmir.org/2026/1/e87360 JMIR AI 20261 vol.51e87360 | p.9

(page number not for citation purposes)


https://doi.org/10.1016/j.jacr.2023.01.002
https://doi.org/10.1016/j.jacr.2023.01.002
http://www.ncbi.nlm.nih.gov/pubmed/36922109
https://doi.org/10.1016/j.ejmp.2022.06.003
http://www.ncbi.nlm.nih.gov/pubmed/35714523
https://doi.org/10.1007/s10278-021-00525-3
http://www.ncbi.nlm.nih.gov/pubmed/34686923
https://doi.org/10.1148/ryai.2020190095
http://www.ncbi.nlm.nih.gov/pubmed/33937824
https://doi.org/10.1016/j.jacr.2020.08.016
http://www.ncbi.nlm.nih.gov/pubmed/33153540
https://doi.org/10.1038/s41591-018-0307-0
http://www.ncbi.nlm.nih.gov/pubmed/30617336
http://www.ncbi.nlm.nih.gov/pubmed/18605031
https://doi.org/10.1016/j.jcrc.2022.153999
https://doi.org/10.1016/j.jcrc.2022.153999
http://www.ncbi.nlm.nih.gov/pubmed/35104692
https://doi.org/10.1186/s12916-019-1426-2
http://www.ncbi.nlm.nih.gov/pubmed/31665002
https://doi.org/10.1007/s10278-024-01146-2
http://www.ncbi.nlm.nih.gov/pubmed/38877296
https://doi.org/10.1016/j.wneu.2019.11.031
https://doi.org/10.1016/j.wneu.2019.11.031
http://www.ncbi.nlm.nih.gov/pubmed/31733384
https://doi.org/10.1016/j.jacr.2018.03.045
http://www.ncbi.nlm.nih.gov/pubmed/29807818
https://doi.org/10.1038/s41591-018-0316-z
http://www.ncbi.nlm.nih.gov/pubmed/30617335
https://doi.org/10.1038/s41746-018-0029-1
http://www.ncbi.nlm.nih.gov/pubmed/31304302
https://doi.org/10.1093/jamia/ocy133
http://www.ncbi.nlm.nih.gov/pubmed/30517649
https://doi.org/10.1148/radiol.242134
http://www.ncbi.nlm.nih.gov/pubmed/39903072
https://doi.org/10.1097/RLI.0000000000000928
https://doi.org/10.1097/RLI.0000000000000928
http://www.ncbi.nlm.nih.gov/pubmed/36355637
https://doi.org/10.1148/radiol.230764
http://www.ncbi.nlm.nih.gov/pubmed/38165245
https://doi.org/10.2214/AJR.20.23313
http://www.ncbi.nlm.nih.gov/pubmed/32755163
https://doi.org/10.1148/radiol.220425
http://www.ncbi.nlm.nih.gov/pubmed/36648347
https://doi.org/10.1148/radiol.2021203886
http://www.ncbi.nlm.nih.gov/pubmed/33944629
https://doi.org/10.1148/radiol.210937
http://www.ncbi.nlm.nih.gov/pubmed/34931859
https://doi.org/10.1148/radiol.230860
http://www.ncbi.nlm.nih.gov/pubmed/38085079
https://doi.org/10.1148/radiol.2018180921
http://www.ncbi.nlm.nih.gov/pubmed/30667333
https://ai.jmir.org/2026/1/e87360

JMIR Al Monnaka et al

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

Rothenberg SA, Savage CH, Abou Elkassem A, et al. Prospective evaluation of Al triage of pulmonary emboli on CT
pulmonary angiograms. Radiology. Oct 2023;309(1):230702. [doi: 10.1148/radiol.230702] [Medline: 37787676]
Larson DB, Towbin AJ, Pryor RM, Donnelly LF. Improving consistency in radiology reporting through the use of
department-wide standardized structured reporting. Radiology. Apr 2013;267(1):240-250. [doi: 10.1148/radiol.
12121502] [Medline: 23329657]

Adams LC, Truhn D, Busch F, et al. Leveraging GPT-4 for post hoc transformation of free-text radiology reports into
structured reporting: a multilingual feasibility study. Radiology. May 2023;307(4):e230725. [doi: 10.1148/radiol.
230725] [Medline: 37014240]

Jorg T, Kdmpgen B, Feiler D, et al. Efficient structured reporting in radiology using an intelligent dialogue system based
on speech recognition and natural language processing. Insights Imaging. Mar 16,2023;14(1):47. [doi: 10.1186/s13244-
023-01392-y] [Medline: 36929101]

Nair M, Svedberg P, Larsson I, Nygren JM. A comprehensive overview of barriers and strategies for Al implementation
in healthcare: mixed-method design. PLoS ONE. 2024;19(8):¢0305949. [doi: 10.1371/journal.pone.0305949] [Medline:
39121051]

Hassan M, Kushniruk A, Borycki E. Barriers to and facilitators of artificial intelligence adoption in health care: scoping
review. JMIR Hum Factors. Aug 29, 2024;11:e48633. [doi: 10.2196/48633] [Medline: 39207831]

Baxter SL, Bass JS, Sitapati AM. Barriers to implementing an artificial intelligence model for unplanned readmissions.
ACI open. Jul 2020;4(2):e108-e113. [doi: 10.1055/s-0040-1716748] [Medline: 33274314]

Weinert L, Miiller J, Svensson L, Heinze O. Perspective of information technology decision makers on factors
influencing adoption and implementation of artificial intelligence technologies in 40 German hospitals: descriptive
analysis. JMIR Med Inform. Jun 15, 2022;10(6):e34678. [doi: 10.2196/34678] [Medline: 35704378]

Langlotz CP, Allen B, Erickson BJ, et al. A roadmap for foundational research on artificial intelligence in medical
imaging: from the 2018 NIH/RSNA/ACR/The Academy Workshop. Radiology. Jun 2019;291(3):781-791. [doi: 10.
1148/radiol.2019190613] [Medline: 30990384]

Alis D, Tanyel T, Meltem E, et al. Choosing the right artificial intelligence solutions for your radiology department: key
factors to consider. Diagn Interv Radiol. Nov 6, 2024;30(6):357-365. [doi: 10.4274/dir.2024.232658] [Medline:
38682670]

Zhang K, Khosravi B, Vahdati S, Erickson BJ. FDA review of radiologic Al algorithms: process and challenges.
Radiology. Jan 2024;310(1):€230242. [doi: 10.1148/radiol.230242] [Medline: 38165243]

Machine learning-enabled medical devices: key terms and definitions. International Medical Device Regulators Forum.
May 9, 2022. URL: https://www.imdrf.org/documents/machine-learning-enabled-medical-devices-key-terms-and-
definitions [Accessed 2026-04-15]

Regulation (EU) 2024/1689 of the European Parliament and of the council of 13 June 2024 laying down harmonised
rules on artificial intelligence and amending regulations (EC) no 300/2008, (EU) no 167/2013, (EU) no 168/2013, (EU)
2018/858, (EU) 2018/1139 and (EU) 2019/2144 and directives 2014/90/EU, (EU) 2016/797 and (EU) 2020/1828
(Artificial Intelligence Act). EUR-Lex. 2024. URL.: https://eur-lex.curopa.eu/eli/reg/2024/1689/0j [Accessed
2025-08-06]

Software as a medical device (SAMD): clinical evaluation: guidance for industry and Food and Drug Administration
staff. US Food and Drug Administration; Dec 8,2017. URL: http://resource.nlm.nih.gov/101720008 [Accessed
2026-04-17]

Agéncia Nacional de Vigilancia Sanitdria. Resolucdo de diretoria colegiada - RDC N° 657, de 24 de Marco de 2022.
Gov.BR. 2022. URL.: https://in.gov.br/en/web/dou/-/resolucao-de-diretoria-colegiada-rdc-n-657-de-24-de-marco-de-
2022-389603457 [Accessed 2026-04-15]

Resolugdo - RDC N° 751, de 15 de Setembro de 2022. Anvisalegis. 2022. URL: https://anvisalegis.datalegis.net/action/
ActionDatalegis.php?acao=abrirTextoAto&tipo=RDC&numeroAto=0000075 1 &seqAto=000&valorAno=2022&orgao=
RDC/DC/ANVISA/MS&codTipo=&desltem=&desltemFim=&cod menu=1696&cod modulo=134&pesquisa=true
[Accessed 2026-04-17]

Kim C, Yang Z, Park SH, et al. Multicentre external validation of a commercial artificial intelligence software to analyse
chest radiographs in health screening environments with low disease prevalence. Eur Radiol. May
2023;33(5):3501-3509. [doi: 10.1007/s00330-022-09315-z] [Medline: 36624227]

Yu AC, Mohajer B, Eng J. External validation of deep learning algorithms for radiologic diagnosis: a systematic review.
Radiol Artif Intell. May 2022;4(3):e210064. [doi: 10.1148/ryai.210064] [Medline: 35652114]

Wen Y, Choo VY, Eil JH, et al. Exchange of quantitative computed tomography assessed body composition data using
Fast Healthcare Interoperability Resources as a necessary step toward interoperable integration of opportunistic
screening into clinical practice: methodological development study. J Med Internet Res. May 21, 2025;27:e68750. [doi:
10.2196/68750] [Medline: 40397929]

https://ai.jmir.org/2026/1/e87360 JMIR AI 2026 | vol. 5 1e87360 | p. 10

(page number not for citation purposes)


https://doi.org/10.1148/radiol.230702
http://www.ncbi.nlm.nih.gov/pubmed/37787676
https://doi.org/10.1148/radiol.12121502
https://doi.org/10.1148/radiol.12121502
http://www.ncbi.nlm.nih.gov/pubmed/23329657
https://doi.org/10.1148/radiol.230725
https://doi.org/10.1148/radiol.230725
http://www.ncbi.nlm.nih.gov/pubmed/37014240
https://doi.org/10.1186/s13244-023-01392-y
https://doi.org/10.1186/s13244-023-01392-y
http://www.ncbi.nlm.nih.gov/pubmed/36929101
https://doi.org/10.1371/journal.pone.0305949
http://www.ncbi.nlm.nih.gov/pubmed/39121051
https://doi.org/10.2196/48633
http://www.ncbi.nlm.nih.gov/pubmed/39207831
https://doi.org/10.1055/s-0040-1716748
http://www.ncbi.nlm.nih.gov/pubmed/33274314
https://doi.org/10.2196/34678
http://www.ncbi.nlm.nih.gov/pubmed/35704378
https://doi.org/10.1148/radiol.2019190613
https://doi.org/10.1148/radiol.2019190613
http://www.ncbi.nlm.nih.gov/pubmed/30990384
https://doi.org/10.4274/dir.2024.232658
http://www.ncbi.nlm.nih.gov/pubmed/38682670
https://doi.org/10.1148/radiol.230242
http://www.ncbi.nlm.nih.gov/pubmed/38165243
https://www.imdrf.org/documents/machine-learning-enabled-medical-devices-key-terms-and-definitions
https://www.imdrf.org/documents/machine-learning-enabled-medical-devices-key-terms-and-definitions
https://eur-lex.europa.eu/eli/reg/2024/1689/oj
http://resource.nlm.nih.gov/101720008
https://in.gov.br/en/web/dou/-/resolucao-de-diretoria-colegiada-rdc-n-657-de-24-de-marco-de-2022-389603457
https://in.gov.br/en/web/dou/-/resolucao-de-diretoria-colegiada-rdc-n-657-de-24-de-marco-de-2022-389603457
https://anvisalegis.datalegis.net/action/ActionDatalegis.php?acao=abrirTextoAto&tipo=RDC&numeroAto=00000751&seqAto=000&valorAno=2022&orgao=RDC/DC/ANVISA/MS&codTipo=&desItem=&desItemFim=&cod_menu=1696&cod_modulo=134&pesquisa=true
https://anvisalegis.datalegis.net/action/ActionDatalegis.php?acao=abrirTextoAto&tipo=RDC&numeroAto=00000751&seqAto=000&valorAno=2022&orgao=RDC/DC/ANVISA/MS&codTipo=&desItem=&desItemFim=&cod_menu=1696&cod_modulo=134&pesquisa=true
https://anvisalegis.datalegis.net/action/ActionDatalegis.php?acao=abrirTextoAto&tipo=RDC&numeroAto=00000751&seqAto=000&valorAno=2022&orgao=RDC/DC/ANVISA/MS&codTipo=&desItem=&desItemFim=&cod_menu=1696&cod_modulo=134&pesquisa=true
https://doi.org/10.1007/s00330-022-09315-z
http://www.ncbi.nlm.nih.gov/pubmed/36624227
https://doi.org/10.1148/ryai.210064
http://www.ncbi.nlm.nih.gov/pubmed/35652114
https://doi.org/10.2196/68750
http://www.ncbi.nlm.nih.gov/pubmed/40397929
https://ai.jmir.org/2026/1/e87360

JMIR Al Monnaka et al

49.

50.

51.

52.

53.

54.

55.

Thiriveedhi VK, Krishnaswamy D, Clunie D, Pieper S, Kikinis R, Fedorov A. Cloud-based large-scale curation of
medical imaging data using Al segmentation. Research Square. Preprint posted online on May 3, 2024. [doi: 10.21203/
rs.3.rs-4351526/v1]

Sohn JH, Chillakuru YR, Lee S, et al. An open-source, vender agnostic hardware and software pipeline for integration of
artificial intelligence in radiology workflow. J Digit Imaging. Aug 2020;33(4):1041-1046. [doi: 10.1007/s10278-020-
00348-8] [Medline: 32468486]

Fasterholdt I, Naghavi-Behzad M, Rasmussen BSB, et al. Value assessment of artificial intelligence in medical imaging:
a scoping review. BMC Med Imaging. Oct 31,2022;22(1):187. [doi: 10.1186/s12880-022-00918-y] [Medline:
36316665]

Ahmed MI, Spooner B, Isherwood J, Lane M, Orrock E, Dennison A. A systematic review of the barriers to the
implementation of artificial intelligence in healthcare. Cureus. Oct 2023;15(10):e46454. [doi: 10.7759/cureus.46454]
[Medline: 37927664]

Gill A, Rainey C, McLaughlin L, et al. Artificial Intelligence user interface preferences in radiology: a scoping review. J
Med Imaging Radiat Sci. May 2025;56(3):101866. [doi: 10.1016/j.jmir.2025.101866] [Medline: 40020339]

Bajwa J, Munir U, Nori A, Williams B. Artificial intelligence in healthcare: transforming the practice of medicine.
Future Healthc J. Jul 2021;8(2):¢188-¢194. [doi: 10.7861/fhj.2021-0095] [Medline: 34286183]

El Arab RA, Abu-Mahfouz MS, Abuadas FH, et al. Bridging the gap: from Al success in clinical trials to real-world
healthcare implementation-a narrative review. Healthcare (Basel). Mar 22, 2025;13(7):701. [doi: 10.3390/
healthcare13070701] [Medline: 40217999]

Abbreviations

Al artificial intelligence

CDS: clinical decision support

CT: computed tomography

DICOM: Digital Imaging and Communications in Medicine
DL: deep learning

EMR: electronic medical record

FHIR: Fast Healthcare Interoperability Resources
HL7: Health Level Seven

KPI: key performance indicator

MRI: magnetic resonance imaging

PACS: picture archiving and communication system
SaMD: software as a medical device

Edited by Yuankai Huo; peer-reviewed by Nattawipa Thawinwisan, Nitin Chetla; submitted 10.Nov.2025; final revised
version received 30.Jan.2026; accepted 12.Feb.2026, published 29.Apr.2026

Please cite as:

Monnaka VU, Andrade-Silva J, Szarf G, Lee HMH

Implementing Artificial Intelligence in Radiology: Design Thinking Road Map
JMIR Al 2026,5:¢87360

URL: hitps://ai.jmir.org/2026/1/e87360

doi: 10.2196/87360

© Vitor Ulisses Monnaka, Jéssica Andrade-Silva, Gilberto Szarf, Henrique Min Ho Lee. Originally published in JMIR
Al (https://ai.jmir.org), 29.Apr.2026. This is an open-access article distributed under the terms of the Creative Commons
Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduc-
tion in any medium, provided the original work, first published in JMIR Al, is properly cited. The complete bibliographic
information, a link to the original publication on https://www.ai.jmir.org/, as well as this copyright and license information
must be included.

https://ai.jmir.org/2026/1/e87360 JMIR AI 2026 | vol. 51e87360 | p. 11

(page number not for citation purposes)


https://doi.org/10.21203/rs.3.rs-4351526/v1
https://doi.org/10.21203/rs.3.rs-4351526/v1
https://doi.org/10.1007/s10278-020-00348-8
https://doi.org/10.1007/s10278-020-00348-8
http://www.ncbi.nlm.nih.gov/pubmed/32468486
https://doi.org/10.1186/s12880-022-00918-y
http://www.ncbi.nlm.nih.gov/pubmed/36316665
https://doi.org/10.7759/cureus.46454
http://www.ncbi.nlm.nih.gov/pubmed/37927664
https://doi.org/10.1016/j.jmir.2025.101866
http://www.ncbi.nlm.nih.gov/pubmed/40020339
https://doi.org/10.7861/fhj.2021-0095
http://www.ncbi.nlm.nih.gov/pubmed/34286183
https://doi.org/10.3390/healthcare13070701
https://doi.org/10.3390/healthcare13070701
http://www.ncbi.nlm.nih.gov/pubmed/40217999
https://ai.jmir.org/2026/1/e87360
https://doi.org/10.2196/87360
https://ai.jmir.org
https://creativecommons.org/licenses/by/4.0/
https://www.ai.jmir.org/
https://ai.jmir.org/2026/1/e87360

	Implementing Artificial Intelligence in Radiology: Design Thinking Road Map
	Introduction
	Opportunity Identification
	Need Assessment
	AI Use Cases in Radiology

	Solution Selection
	Governance Structure
	Technology Triage
	Technical Evaluation

	Implementation
	Pilot Testing
	Feedback-Driven Iteration

	Illustrative Example Across Framework Phases
	Opportunity Identification
	Solution Selection
	Implementation

	Conclusion


