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Abstract 

Objective  Despite the widespread recognition of the importance of artificial intelligence (AI) in healthcare, its imple-
mentation is often limited. This article aims to address this implementation gap by presenting insights from an in-
depth case study of an organisation that approached AI implementation with a holistic approach.

Materials and methods  We conducted a longitudinal, qualitative case study of the implementation of AI in radiol-
ogy at a large academic medical centre in the Netherlands for three years. Collected data consists of 43 days of work 
observations, 30 meeting observations, 18 interviews and 41 relevant documents. Abductive reasoning was used 
for systematic data analysis, which revealed three change initiative themes responding to specific AI implementation 
challenges.

Results  This study identifies challenges of implementing AI in radiology at different levels and proposes a holistic 
approach to tackle those challenges. At the technology level, there is the issue of multiple narrow AI applications 
with no standard use interface; at the workflow level, AI results allow limited interaction with radiologists; at the peo-
ple and organisational level, there are divergent expectations and limited experience with AI. The case of Southern 
illustrates that organisations can reap more benefits from AI implementation by investing in long-term initiatives 
that holistically align both social and technological aspects of clinical practice.

Conclusion  This study highlights the importance of a holistic approach to AI implementation that addresses chal-
lenges spanning technology, workflow, and organisational levels. Aligning change initiatives between these different 
levels has proven to be important to facilitate wide-scale implementation of AI in clinical practice.

Critical relevance statement  Adoption of artificial intelligence is crucial for future-ready radiological care. This case 
study highlights the importance of a holistic approach that addresses technological, workflow, and organisational 
aspects, offering practical insights and solutions to facilitate successful AI adoption in clinical practice.

Key points 

1. Practical and actionable insights into successful AI implementation in radiology are lacking.

2. Aligning technology, workflow, organisational aspects is crucial for a successful AI implementation

3. Holistic approach aids organisations to create sustainable value through AI implementation.
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Graphical Abstract

Objectives
Recent years have seen an upsurge of interest in artifi-
cial Intelligence (AI), especially deep learning (DL), for 
radiology [1]. More than half of CE-marked medical AI 
devices between 2015 and 2020 were targeted for use in 
radiology [2], and the number of participating AI compa-
nies nearly doubled in RSNA 2019 compared to the year 
before [3]. Nevertheless, the adoption of AI applications 
in clinical practice remains limited [4–8].

Studies have shown that the implementation of AI in 
healthcare, particularly in radiology, faces several chal-
lenges spanning technological, workflow and organisa-
tional levels. These challenges include the complexity of 
IT infrastructure [6], the lack of automated data routing 
and processing [5], limited infrastructure to deploy and 
scale narrow AI applications [8] and the poor definition 
of clinical use cases [4]. Additionally, different stake-
holders including clinicians and managers have limited 
knowledge on how to optimally deploy AI [9, 10].

Despite the widespread recognition that overcom-
ing these challenges is key to implementing AI in clini-
cal practice, few efforts have been made to capture how 
organisations navigate these challenges in practice, espe-
cially through a holistic approach. The purpose of this 
article is to discuss lessons learned from an in-depth case 

study of one such pioneering organisation and provide 
applicable insights for organisations seeking to imple-
ment AI. In this paper, our focus lies primarily on the 
application of AI in radiology; however, it is important 
to note that the holistic approach and its associated les-
sons are relevant beyond this specific field. We show how 
an organisation navigated concrete challenges around 
AI implementation preemptively and with what results. 
We conclude by providing an overview of the lessons 
learned for other organisations towards a holistic AI 
implementation.

Methods
We performed a longitudinal, qualitative case study to 
investigate the implementation and deployment of AI 
applications in radiology in a real-life context [11]. Based 
on detailed empirical observations, we aimed to develop 
transferable insights for informing actions in comparable 
organisational contexts [12, 13]. We selected our research 
site to be Southern (pseudonym), a large academic medi-
cal centre in the Netherlands, because it provided a rich 
case where the phenomenon of interest is easily observa-
ble [14]. Given the scale and scope of its AI-related initia-
tives (more than 15 ongoing AI implementation projects), 
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Southern qualified as a pioneering case for AI implemen-
tation in healthcare within the European context.

Between November 2019 and September 2022, the 
first author conducted work observations over 43 non-
consecutive days, 30 meeting observations, 18 inter-
views and collected 41 documents that were analysed 
for this study (see Table  1). To ensure validity in our 
data, we triangulated both data collection methods and 
data sources [15].

We systematically analysed our data in three steps fol-
lowing abductive reasoning [16], as described in Table 2. 
First, we coded concrete change initiatives related to AI 
implementation at Southern. Next, we coded unique 
challenges around AI implementation, which were 
observed at Southern as well as recognised in the litera-
ture on AI in radiology. Then, we related the two and 
removed change initiatives that did not respond to spe-
cific AI implementation challenges. The analysis resulted 
in three themes that span technology, workflow and 
organisational levels and structure the change initiatives, 
which are presented in Table 3.

We provide an overview of the AI applications imple-
mented in the radiology department at Southern in 
Table  4. The table provides a detailed breakdown of 
each application, including an evaluation of its impact 
on clinical practice. It shows the wide range and variety 
of AI applications in Southern, their adoption stage and 
observed (or potential) impact on clinical practice.

Results
In this section, we present our results following the struc-
ture of Table  3. We review the unique challenges that 
Southern faced in its attempt to implement AI and how 
Southern responded to these challenges with concrete 
change initiatives.

Technology level: scalable and seamless AI implementation
Because current AI applications have narrow functional-
ity, capable of performing specific functions on specific 
types of data [7], organisations need to orchestrate the 
combined use of multiple AI applications [8]. Consider-
ing this challenge, Southern implemented a hospital-
level vendor-neutral AI (VNAI) platform, which enables 
the upscaling and streamlining of AI implementations 
and clinical use. For radiology AI applications, the VNAI 
uses metadata (e.g. imaging modality, scanning protocol, 
patient age cut-off) of acquired scans and automatically 
routes eligible data to relevant AI applications for pro-
cessing as presented in Fig. 1. This way, it can orchestrate 
the simultaneous use of multiple AI algorithms in the 
desired sequence, thereby ensuring a workflow-centric 
AI implementation without the radiologist experienc-
ing workflow disruptions: “I know that all too often, data 
generated by AI may not be available on the work floor 
at the right time. That is essential before they can add 
value.” (Radiologist L).

Another challenge in the current AI landscape is that 
organisations need to work with multiple vendors, each 
providing a narrow AI application, which results in con-
siderable overhead costs [17]. The VNAI helps here too 
by centralising security review, contractual issues, and 
technical installation of multiple AI projects. It acts as a 
centralised data processor for all AI applications hosted 
on the platform, reducing the need for privacy and data 
security paperwork with individual AI vendors. In this 
manner, an overarching and fortified regulatory frame-
work is established for all AI projects, consequently yield-
ing faster and less costly AI implementation. To illustrate, 
the VNAI expedited implementing AI applications to 
a couple of months, whereas before the VNAI, imple-
menting stand-alone AI applications with individual AI 

Table 1  Overview of collected data

A total of 228 h of data collection (43 days of work observations, 30 meeting observations, 18 interviews) and 41 relevant documents

Data source Contribution to research

Observations

 • On-site and virtual work observations over 43 non-consecutive days, avg. 
4.5 h (e.g. radiology reporting and protocol development in IPG)

 • Comprehensively capturing organisational changes related to AI 
implementation

 • 30 meetings, avg. 38 min (e.g. clinical evaluation and threshold optimisa-
tion of AI applications)

 • Observing the natural progression of AI implementation efforts

Interviews  • Understanding all of technical, clinical, and managerial perspectives 
and stakes in AI implementation • 18 interviews, avg. 53 min with clinical, technical, and managerial staff (e.g. 

AI-related educational efforts, management motivation for AI implementa-
tion)

Documents

 • 19 public documents (e.g. CAI Group blog posts, AI product brochures) 
and 22 internal documents (e.g. algorithm validation results, planning docu-
ments on AI implementation)
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vendors took over a year, especially due to the lengthy 
process of drafting and signing legal and contractual doc-
uments. Additionally, the VNAI only hosts certified AI 
applications, allowing Southern to quickly instal and test 
credible AI applications that can be used in clinical prac-
tice. In addition, Southern recently moved from an on-
premise VNAI to a cloud-based VNAI to facilitate future 
software upgrades and to shift maintenance work to the 
VNAI provider, thereby further reducing overhead costs.

Lastly, the lack of standard user interfaces to integrate 
AI results into clinical front-end software further chal-
lenges the implementation and deployment of AI in clini-
cal practice. Suboptimal AI integration diminishes the 
added value of AI and hinders easy utilisation by end-
users [4, 17, 18]. To tackle this challenge, Southern pri-
oritised seamless integration of AI applications into their 
clinical front-end software (e.g. PACS viewer), allowing 
clinicians to seamlessly access and view AI results in their 
viewer with minimum additional clicks. This reduces 
workflow disruptions, freeing clinicians from having 
to fire up separate software and switch between inter-
faces. Whilst a superficial URL integration, which fires 
up a separate web browser with AI results, would result 
in a quicker integration of any individual AI application, 
managers and clinicians at Southern were adamant that 
it was not scalable nor sustainable. Thus, they pushed 
for seamless integration of AI into clinical front-end 
software as a prerequisite for their clinical use. This was 
done through co-creation with AI vendors to get specific 
AI outputs and through configuration of APIs of existing 
clinical front-end software applications (e.g. PACS and 
other advanced image viewers).

Figure  2 summarises the evolution of AI projects 
within the radiology department of Southern. Southern 
started exploring various AI applications in 2018. Several 

projects stayed for a whilst in the development and vali-
dation phase in 2019 and 2020. However, after the VNAI 
became available in 2020, multiple projects accelerated 
and resulted in the first implementation of AI in clinical 
practice. The acceleration, although for the significant 
part, was not entirely due to the VNAI, and it should be 
noted that multiple internal and external factors were at 
play, such as availability of resources from AI vendors, IT 
infrastructure and knowledge on legal and ethical issues.

Workflow level: value‑centric AI implementation
Because there is no guideline regarding how best to 
implement AI into clinical workflows, their use in clini-
cal practice shows significant variations [4, 17, 18]. As 
a result, organisations struggle to establish empirical 
evidence on the value of AI applications. Managers at 
Southern knew that to tackle this challenge, AI appli-
cations needed to be used in a standardised, consistent 
manner: “Although costing a fortune, image analysis tools 
were not being used in a consistent manner.” (chairman, 
department of radiology). To this end, Southern estab-
lished the Image Processing Group (IPG, pseudonym) 
inside the radiology department in 2018 as a central hub 
for technology deployment and integration. In the IPG, 
nine radiographers and two technical physicians deploy 
and integrate advanced technologies including, but not 
limited to, AI. Using technology, radiographers analyse 
radiological images and pre-populate radiological reports 
before radiologists report on the case. In doing so, they 
apply technology in a structured and standardised man-
ner through the use of detailed protocols. The IPG fur-
ther realises value from technology by not merely using 
technology but reorganising work around it and shifting 
tasks from radiologists to radiographers. Lastly, the IPG 
also fosters technology expertise by being a central hub 

Table 2  Data analysis steps

Step Action Result

1. Coding concrete change initiatives 
related to AI implementation at Southern

We analysed each change initiative by asking 
(a) what was the existing situation and what 
was not effective about it for (future) AI implemen-
tation? (b) what social and technological changes 
were made? and (c) how did these changes expand 
the organisation’s capability to implement and use 
AI more effectively?

A table in Microsoft Excel

2. Coding unique challenges around AI 
implementation observed at Southern

We analysed each challenge by linking it to ongo-
ing conversations in the literature and identifying 
whether it relates to the level of technology, work-
flow or organisation

Table 3 (first column); unique AI implementa-
tion challenges spanning technology, workflow 
and organisational levels

3. Relating concrete change initiatives 
to AI implementation challenges

We analysed how each change initiative responds 
to AI implementation challenges across three levels. 
This helped us identify and exclude change initia-
tives that are generic in all innovation processes 
such as having a change agent

Table 3 (second column); three themes 
that encompass the change initiatives
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for technology use: “We have more knowledge on [image 
analysis software] to make quick changes. What would 
take me just a couple of minutes, the radiologist needs to 
turn on the program, figure out where the tool is, how to 
use it, etc.” (IPG radiographer).

Meanwhile, unlike other software, AI applications 
are trained on specific datasets. Hence, their perfor-
mance can vary when the training data and the local 
data it is being applied to are different (e.g. patient 
population, prevalence of pathologies) [20]. To tackle 

Fig. 1  Hospital-level vendor-neutral AI (VNAI) platform towards a scalable and seamless AI implementation

Fig. 2  Overview of progress of AI projects over time. Open dots represent the starting point of the project, whereas solid dots represent 
the progress of the projects over time. Important events are presented on the timeline at the bottom of the figure
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this challenge, the two technical physicians in the IPG 
play an important role of locally validating the algo-
rithms, measuring their performance metrics such as 
accuracy, precision and continuously evaluating their 
performance over time. Furthermore, they commu-
nicate the wishes of clinicians to AI vendors and are 
responsible for the seamless integration of AI in the 
clinical workflow. For instance, they collaborated with 
the AI vendor to perform a retrospective analysis on 
over 15,000 chest X-rays from Southern to validate an 
AI application providing normal/abnormal detection 
on chest X-rays, which was developed in a different 
country. After the successful retrospective analysis of 
the algorithm together with the vendor, they created a 
dashboard to automatically analyse findings from radi-
ology reports and compare them to the AI results. The 
dashboard enables managers to monitor AI results and 
enables radiologists to control the quality of their work. 
Throughout this process, the IPG technical physicians’ 
multidisciplinary background in medicine and engi-
neering facilitated the coordination and collaboration of 
stakeholders within and beyond Southern.

Finally, current AI applications have limited ability to 
interact with radiologists and receive their feedback real-
time [7]. To tackle this challenge, radiologists at South-
ern demanded modifiable AI results so that they can have 
more control over radiological reports. Making AI results 
modifiable usually requires the interface of multiple soft-
ware packages to communicate, such as the PACS viewer 
and the AI software. Since software interfaces usually 
have different communication standards and imple-
mentations, managing such communication requires an 
intensive and prolonged collaboration with the vendors 
of all software packages. To illustrate, in 2021, South-
ern implemented an AI application which detects and 
quantifies lung nodules on CT scans in 2021. Initially, 
the AI results were presented in a PDF file in PACS, with 
findings that were fixed. To make AI results modifiable, 
Southern collaborated with both the AI and PACS ven-
dors and used existing application programming inter-
faces (APIs) to enable an accept/reject module to be used 
as well as to adjust measurement in the PACS viewer. 
Although this delayed the integration by several months, 
radiologists were more convinced of the value that the 
AI application adds to their work and, as a result, more 
eager to use the AI application.

People and organisation level: continuous learning from AI 
implementation
Radiologists have diverging expectations of the benefits 
and risks that AI can bring to their work [19], partly due 
to having limited experience with AI in clinical practice: 
“there were a lot of talks, a lot of presentations going on 

about AI, but in practice, you never get in touch with 
AI.” (radiology resident). To help radiologists and other 
clinicians with limited experience select and invest in 
the right AI projects, Southern established the Clinical 
AI Implementation Group (CAI Group, pseudonym) in 
2020. When those interested in AI projects submit their 
proposal, data scientists, legal and ethical experts and 
clinicians in the CAI Group altogether assess the viabil-
ity of the proposal, if there are enough resources and if 
there is concrete value added from using AI. More fun-
damentally, it is assessed whether AI is required to solve 
the clinical question in the first place or if other technol-
ogy can answer the question as well. The CAI Group also 
provides clinicians with a comprehensive and concrete 
checklist for the entire AI cycle, including guidelines on 
privacy considerations and handling of ethical issues.

Additionally, the CAI Group fostered learning among 
radiologists and other clinicians and prevented them 
from reinventing the wheel. It actively disseminates les-
sons learned from various AI projects through mul-
tiple communication channels such as blog posts, 
meetups and internal newsletters. Particularly, by being 
an umbrella organisation and affiliating diverse actors 
who are members of various departments, it facilitates 
cross-departmental communication and mobilises a 
broad web of knowledge and other resources across for-
mal departments more easily: “For a trustworthy imple-
mentation of AI in clinical practice, we need to bundle 
hospital-wide knowledge. CAI Group is a perfect exam-
ple of this. This way we can achieve our goal of scaling AI 
within the hospital.” (Board member of Southern).

Lastly, to streamline the implementation of AI projects, 
Southern established an extended network by nominat-
ing AI champions from each subspecialty in the radiol-
ogy department (e.g. neuroradiology). The AI champions 
gather ideas on potential AI use cases from their subspe-
cialty through internal discussions, which are centralised 
in the Innovation Steering Committee for further inves-
tigation and prioritisation. When a project is selected, 
a project team is created consisting of clinicians and IT 
personnel to implement and evaluate the idea gathered 
through a bottom-up approach. The aim is not to have one-
off AI implementations but to establish a feedback loop 
which leads to peer-to-peer teaching and informs future 
decisions on AI. This streamlined procedure has resulted 
in radiologists bringing more realistic use cases and having 
grounded expectations regarding AI applications.

Discussion
In this paper, we present a holistic approach to AI imple-
mentation by drawing on the case of Southern, a large aca-
demic medical centre in the Netherlands, which successfully 
implemented multiple AI applications over the course of 
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5 years. Their success is evidenced by the broad range of AI 
applications already adopted or in use and their consistent 
integration as well as expedited process and reduced efforts 
for testing, validating, implementing and monitoring AI 
applications (see Fig. 2 and Table 4). In this section, we dis-
cuss how the change initiatives observed at Southern illus-
trate a holistic approach to AI implementation and derive 
lessons learned that can be helpful for other organisations.

With a holistic approach to implementing AI, organisa-
tions comprehensively reconsider, restructure and realign 
technology, workflows, people and organisational struc-
tures to create and sustain value with AI. In doing so, they 
go beyond the possibilities offered by the status quo, as 
opposed to simply inserting an AI application to legacy 
systems that may only temporarily improve the status quo 
without creating lasting value. AI implementation can be 
at risk of lapsing back to pre-existing states of performing 
medical tasks, so it is important to ensure that long-term 
initiatives are in place to keep the change process moving 
forward. The case of Southern shows that organisations 
can reap more benefits by investing in long-term initia-
tives that holistically align both social and technological 
aspects of clinical practice. Across all the change initia-
tives of Southern, we observe the following three general 
patterns. Firstly, efforts are centralised and stakeholders 
are gathered to foster an effective selection of AI projects, 
efficient use of AI applications, cross-departmental knowl-
edge sharing and collaboration and expertise on technol-
ogy use. Secondly, long-term investments are made in 
AI implementation infrastructure that standardises and 
automates processes to prevent recurrent (overhead) costs 
and reinventing the wheel. Lastly, intended end-users are 
included from the start so that AI implementation delivers 
value in everyday clinical practice. In Table 3, we summa-
rise the results of our case study and provide more detailed 
lessons learned on the holistic approach to AI implemen-
tation that can be helpful to other organisations.

Limitations and future research
This research is not without limitations. Firstly, we delved 
into a single case to derive transferable insights that are 
rich in context, on a holistic approach to AI implementa-
tion. The insights and change initiatives are not aimed to 
be directly generalisable for different situations but trans-
ferable through concepts and lessons that can be learned 
about a holistic approach to AI implementation [12, 21]. 
Hence, although we believe that these insights could facili-
tate AI implementation in different organisations and help 
realise sustainable value from AI, readers should note that 
the insights and change initiatives are tuned to the specific 
organisational and historical context of the selected case.

Relatedly, we do not argue that the holistic approach to 
AI implementation is the best nor the only approach for 

all cases. The holistic approach is suitable for organisa-
tions with complex workflows and information systems 
such as tertiary medical institutions, where locally imple-
menting AI applications can produce unforeseen prob-
lems due to misalignments between different elements 
interacting in the organisation. We acknowledge that a 
local implementation of AI may suffice, for example in 
organisations with uniform or parallel workflows with 
smaller scope of operations where implementing a limited 
number of AI applications can already generate significant 
value for the organisation. Future research could study 
multiple cases to investigate under which conditions local 
implementation of AI may suffice and where the threshold 
between the two approaches lies in practice.

Lastly, the financial sustainability of the proposed 
holistic approach to AI implementation is still a separate 
topic to be addressed. Whilst increasing the number of 
local-implementation AI applications lacks financial sus-
tainability and scalability, the question remains as to if 
and when the higher (initial) investments (in both per-
sonnel and technology) required for the holistic approach 
will break even. Our case shows that a holistic approach, 
especially when data, workflow and algorithms are inte-
grated through platforms (e.g. VNAI) can reduce the 
costs of validation and implementation, hence contrib-
uting to financial sustainability. We also notice that this 
might be a potential business model for AI companies to 
provide their services through these platforms, thereby 
reducing their costs and becoming more financially 
affordable for user organisations.

It is important to recognise that quantifying the precise 
financial impact and benefits is a complex and multifaceted 
issue in itself and requires dedicated research efforts. It is 
therefore important to note that this specific issue is beyond 
the scope of this paper. Hence, in addition to the socio-
technical alignment addressed in this paper, future research 
should look into issues of financial sustainability and scalabil-
ity for a truly wide-scale AI implementation to be achieved.
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