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Despite recent advancements, real-world use of Artificial Intelligence (AI) in radiology remains low, often
due to the mismatch between AI offerings and the situated challenges faced by healthcare professionals. To
bridge this gap, we conducted a field study at nine medical sites in Denmark and Kenya with two goals: (1) to
understand the challenges faced by radiologists during chest X-ray practice and (2) to envision alternative
AI futures that align with collaborative clinical work. This study uniquely grounds the AI design insights
in the comprehensive characterisation of diagnostic work across multiple geographical and institutional
contexts. Building on ideas articulated by interviewed radiologists (N = 18), we conceptualised five visions
that transcend the traditional notions of AI support. These visions emphasise that the clinical usefulness of
AI-based systems depends on their configurability and flexibility across three dimensions: type of clinical
site, expertise of medical professionals, and situational and patient contexts. Addressing these dependencies
requires expanding the clinical AI design space by envisioning futures rooted in the realities of practice rather
than solely following the trajectory of AI development.

This work was supported by Innovationsfonden (Grant No. 0176-00013B).
Authors’ Contact Information: Hubert D. Zając (corresponding author), University of Copenhagen, Copenhagen,
Denmark; e-mail: hdz@di.ku.dk; Tariq O. Andersen, Department of Computer Science, University of Copenhagen,
Copenhagen, Denmark; e-mail: tariq@di.ku.dk; Elijah Kwasa, Stratus Medical Imaging Solutions, Nairobi, Kenya;
e-mail: ekwasa@outlook.com; Ruth Wanjohi, Department of Radiology, The Nairobi Hospital, Nairobi, Kenya; e-mail:
ruthwanjohi@nbihosp.org; Mary K. Onyinkwa, Department of Radiology, The Nairobi Hospital, Nairobi, Kenya; e-mail:
onyxmary@gmail.com; Edward K. Mwaniki, Department of Radiology, Nairobi Adventist Hospital, Nairobi, Kenya; e-mail:
edwardmwaniki7@yahoo.com; Samuel N. Gitau, Department of Radiology, The Aga Khan University Hospital, Nairobi,
Kenya; e-mail: samuel.gitau@aku.edu; Shawnim S. Yaseen, Department of Radiology, Zealand University Hospital, Roskilde,
Denmark; e-mail: shawnim1@gmail.com; Jonathan F. Carlsen, Department of Radiology, Rigshospitalet Copenhagen
University Hospital, Copenhagen, Denmark; e-mail: jonathan.frederik.carlsen@regionh.dk; Marco Fraccaro, Unumed,
Copenhagen, Denmark; e-mail: mf@unumed.com; Michael B. Nielsen, Department of Radiology, Rigshospitalet Copen-
hagen University Hospital, Copenhagen, Denmark; e-mail: michael.bachmann.nielsen@regionh.dk; Yunan Chen, Donald
Bren School of Information and Computer Sciences, University of California, Irvine, California, USA; e-mail: yunanc@uci.edu.

This work is licensed under Creative Commons Attribution-NoDerivatives International 4.0.

© 2025 Copyright held by the owner/author(s).
ACM 1557-7325/2025/4-ART20
https://doi.org/10.1145/3715115

ACM Transactions on Computer-Human Interaction, Vol. 32, No. 2, Article 20. Publication date: April 2025.

https://orcid.org/0000-0003-0689-6912
https://orcid.org/0000-0002-9342-5520
https://orcid.org/0000-0001-5744-3951
https://orcid.org/0009-0005-6210-714X
https://orcid.org/0009-0005-6170-0566
https://orcid.org/0009-0003-5405-870X
https://orcid.org/0000-0002-8908-4735
https://orcid.org/0009-0001-8297-6853
https://orcid.org/0000-0002-6724-7281
https://orcid.org/0009-0005-6562-6463
https://orcid.org/0000-0002-9380-1688
https://orcid.org/0000-0003-4056-3820
https://creativecommons.org/licenses/by-nd/4.0
https://creativecommons.org/licenses/by-nd/4.0
https://creativecommons.org/licenses/by-nd/4.0
https://doi.org/10.1145/3715115


20:2 H. D. Zając et al.
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1 Introduction
Artificial Intelligence (AI), defined as a technology using any modern data-driven machine learning
technique, e.g., deep learning, has been hoped to significantly transform healthcare by improving
patient care, reducing cost and improving the work life of healthcare providers [21]. A plethora of
studies have substantiated these hopes by demonstrating increased detection rates of pathologies
in medical images in controlled environments [77], supporting cancer detection on mammograms
[42], identifying brain tumours on magnetic resonance images [59], detecting arrhythmias on
electrocardiograms [9] or supporting polyp detection during colonoscopy [136]. However, only
a small percentage of these systems make it from the laboratory to the real world [31, 152]. And
even if they do, their positive impact on practice and patient outcomes is not guaranteed [15,
75]. Consequently, despite the growing popularity and ongoing technological developments, the
successful use of AI in clinical practice remains low [8, 31, 46, 64, 102, 112, 137, 152].

The low adoption has been particularly apparent in radiology—one of the first medical fields
to confront the potential of increasingly capable AI. Several confounding factors make radiology
a promising domain to benefit from AI support: the abundance of digital data, the relative use of
medical imaging across specialities and recent progress in vision algorithms performance [121];
and the fact that most countries suffer from severe staff shortages results in less time available per
examination, stress and overburdening of healthcare professionals [105]. However, the benefits
of using AI in practice have been vague. For example, among 62 models aimed to help with the
detection and prognostics of COVID-19 on chest radiographs (X-rays) and thoracic Computed
Tomography (CT), not one was identified as clinically useful [106]. Currently, only a handful of
systems targeting chest radiography have been approved by authorities in the United States and
European Union [3], and their clinical utility remains mostly unclear [132].

Research suggests that the uncertainty of added value may be related to the misplaced intended
use of AI-based systems [122] and the dominant focus on detection performance in environments
isolated from clinical practice [138]. Case in point, breast radiography (mammography) has seen
a significant uptake in using Computer-Aided Detection (CAD) systems. Yet, a successful
implementation into clinical practice is not synonymous with improved patient outcomes [75].
When reviewing AI’s ability to improve efficiency and health outcomes, van Leeuwen et al. reported
that the clinical value of such systems is still unknown [132]. Similarly, Recht et al. argued for
more clinical evaluations in radiology to understand these systems in practice better [101]. Finally,
Strohm et al. pointed out that one of the main reasons for hitherto AI failure in radiology is the
‘uncertain added value for clinical practice of AI applications’ [122].

These issues were recognised by the Human–Computer Interaction (HCI) and Computer
Supported CooperativeWork (CSCW) communities, who turned towards ethnographic research
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to understand the organisational context and work and care practices within entities implementing
new information systems [19, 35, 66, 87, 89, 100, 125]. Engaging in formative research within the
healthcare domain [13, 22, 30, 36, 50, 51, 95, 103], e.g., through ethnographic inquiries, workplace
studies and user studies, has empowered researchers to design systems addressing the sociotechnical
context, human factors and aligned with end-users needs. For example, Chen [30] identified a
functionality gap in Electronic Health Record (EHR) systems and suggested including support
for transitional information, which at the time was crucial to the clinical workflow and unaccounted
for by the studied EHR system. Similarly, Zhou et al. [155] discovered that a physician order entry
system was not used as intended due to ‘a change in physical location, sufficient convenience,
visibility of the information, and permanency of information.’ They suggested reframing the
requirements for such systems to include both formal and informal work practices. These formative
studies transformed the early health information systems from a technological novelty to an integral
part of clinical practice [38].

In response to the prevailing technology focus in AI development, the HCI community calls for
a turn towards Human-Centred AI (HCAI), emphasising the facilitation of social participation
among end-users and the creation of AI that supports self-efficacy, responsibility and oversight [28,
118, 119]. With AI facing similar challenges to the early clinical information systems, inspired by the
rich history of HCI and CSCW engagements, researchers are advocating for studies investigating
the sociotechnical context of end-users work in the wild [31, 56, 93, 107, 130, 152], particularly,
when designing with such difficult medium as AI [144]. New studies emerge, investigating AI’s
place in the broader ecosystem of collaborative medical work practices [56, 110, 116, 145], origin
of trust [56, 98], explainability [74], bias [11] or collaboration [17]. However, to develop useful
HCAI systems, designers and developers are called to engage in ‘more holistic and in-the-wild’
methods [8].

These ongoing efforts by the HCI community motivated our work, which was part of a larger
research project to innovate, i.e., design, develop and deploy an AI-based chest X-ray support
system for radiologists in Denmark and Kenya. The project was defined as a collaboration between
the University of Copenhagen, Rigshospitalet Copenhagen University Hospital and Unumed,1 a
business partner delivering hospital management systems tasked with the commercialisation of
the future system. This setup determined the choice of chest X-rays as the modality of focus, focus
on radiologists as the intended end-users, access to medical data, the technical scope of the project,
as well as the choice of the countries focal to this study: Denmark—the primary location of the
research and development team and Kenya—a country with the strongest business presence of
Unumed.

To contribute to HCI’s understanding of the connection between practice and AI opportunities
and to support the innovation of a clinically useful system for radiologists in both countries relevant
to the project, we posed the following research questions:

RQ1 What are the challenges experienced by radiologists in chest X-ray practice?
RQ2 How can AI support radiologists in chest X-ray practice across clinical settings?

We answered them by conducting a field study at nine medical sites in Denmark and Kenya with
18 radiologists and 4 radiographers. We asked our participants how AI could support them in
the context of their practice to explore the connection between the practice of radiologists and
opportunities for AI support. By envisioning futures during their work practice, we wanted to
ensure that their visions were pragmatic responses to actual challenges rather than hypothetical
exercises attempting to retrofit preconceived AI models into their workflows. We drew inspiration

1https://unumed.com
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from prior future-oriented HCI research and encouraged our participants to be critical towards
technology and to envision their ideal future [61, 123, 128].

This study contributes the following to a growing body of HCI andHCAI research that investigates
practice to inform design opportunities for clinical AI-based support systems:

(1) Unpacking chest X-ray practice, as part of collaborative diagnostic work, into three stages
present across clinical sites in Denmark and Kenya: selecting, interpreting and reporting;

(2) Showing how HCI may expand the technology-shaped design space of clinical AI and bring
it closer to the ideals of HCAI by engaging end-users and envisioning AI futures at the point
of practice;

(3) Reflecting on how clinical usefulness depends on the configurability and flexibility of AI
across three dimensions: type of clinical site, expertise of healthcare professionals and
situational and patient context.

2 Related Work
2.1 Shortcomings of Technology-Centred AI Development
To some extent, the current state of AI in healthcare resembles the reality of computer science on
the eve of the formation of HCI as a research domain in the 1980s. The development of computer
systems, in this case, AI-based systems, is claimed, defined and envisioned through predominantly
technology-centric approaches [118, 119, 142, 154].This state of affairs is partially understandable, as
technological progress enabled this new type of system. However, the main drawback of technology-
centred AI development is the foundational character of the early design decision [5]. Research
has shown how the very early decisions taken during data work affect the capabilities of AI
models [88, 109, 151]. Going further, the capabilities of AI models determine the design space of
potential solutions [85]. Any misunderstandings and misconceptions before and during AI model
development may propagate to the final system, afflicting its real-world utility. Unfortunately, it is
often difficult to mitigate them later, as the early stages of AI innovation require the most effort and
resources to conduct [5, 88, 144]. Consequently, the capabilities of an AI model often determine the
final system’s capabilities. This remains true even for Large Language Models (LLMs) applied to
expert tasks, which healthcare arguably falls under [4].

As a result, AI-based systems perform inconsistently when deployed in clinical settings across
the globe, and their added clinical value is often dubious [71, 82, 122, 127, 133]. For example, in
the Global North, Petitgand et al. [97] investigated the implementation of an AI-based Decision
Support System (DSS) in an emergency department in a large hospital in Canada. They discovered
that the system did not integrate with other IT systems and poorly modelled clinical practice. This
resulted in support that was technically correct but not useful in practice. Another system evaluated
by Hollander et al. [49] intended to support decisions on admission to the emergency department
due to heart problems in a US university hospital. The system’s output relied on specific cardiac
markers available in the hospital’s system after a clinician had already decided the admission,
which rendered the support irrelevant. When looking into AI implementations in the Global South,
Wang et al. [135] investigated the use of an AI-based clinical DSS in rural clinics in China. They
reported on the misalignment of the AI-designed workflow and the reality of local practice, which
was further exacerbated by ‘technical limitations and usability barriers’. Similarly, Beede et al.
[15] evaluated in 11 clinics in Thailand an AI-based system for diabetic retinopathy detection
developed in the USA. This study captured the difficulty of translating AI-based systems across
borders. The authors discovered that the US-trained model did not perform well on local data due
to socio-environmental factors and that the envisioned AI workflow did not match the reality of
local providers and their patients.

ACM Transactions on Computer-Human Interaction, Vol. 32, No. 2, Article 20. Publication date: April 2025.



Towards Clinically Useful AI 20:5

This is an opportunity for HCI researchers and practitioners to engage in formative work with
medical practitioners to explore alternatives to the technology-shaped design space of AI-based
support systems and to inform their design and development focusing on clinical value.

2.2 HCI Push for HCAI
HCI researchers noticed the challenges of developing useful AI-based systems in healthcare and
argued for a shift in AI development to achieve HCAI by focusing on human values, responsibility,
participation and oversight [118, 119]. So far, there has been no definitive approach to developing
HCAI [28]. Instead, researchers explored different avenues. For example, Yildirim et al. [146]
developed design resources to support meaningful ideation of AI futures. In a related study,
Yildirim et al. [148] demonstrated how multidisciplinary teams may use those resources to explore
clinical AI’s problem-solution space. Another strand of HCI work recognised trust as a necessary
component of the successful adoption of AI. Among others, the HCI community informed its
clinical and practical origin [11, 25], relationship with accepting and acting on AI output [120], and
dependency on organisational accountability [98]. Linked to trust is the ‘black box’ problem—a
problem particular to AI, where users cannot inspect and understand the inner workings of a
system [29]. Explainable AI has been the most promising answer to ‘opening that box’, enhancing
trust, supporting oversight, but also increasing the perceived usefulness of medical AI [26, 43, 74,
141]. These new ways of reasoning by and with AI models prompted research into modes and
premises of human-AI collaboration [17, 23, 27, 34, 84], investigating reliance, bias and its potential
mitigation techniques [11], problematising AI’s authority in such arrangement [60] and its place in
the broader ecosystem of collaborative medical work practices [56, 84, 110, 116, 145]. Particularly,
the alignment with work practices and sociotechnical context and responding to the actual needs
of clinical end-users has been considered crucial when transitioning from technology-centred to
HCAI [56, 107, 130, 134, 152].

The importance of understanding the clinical context, work practices and end-users should come
as no surprise. HCI researchers showed time and time again that insufficient and delayed attention
to the social considerations of work leads to inadequacy of developed systems and inevitable
failure in practice [52, 53, 126]. The response to these challenges is one of the most foundational
contributions of the HCI and CSCW communities—the push for the ethnography-based user and
workplace studies to inform system design [7, 19, 22, 51, 66, 83, 87, 94, 113, 125, 156].

The need to understand end-users’ clinical context and the sociality of work is just as important
now as it was at the beginning of personal computing. HCI researchers describe how formative
user studies may serve as an essential foundation for designing and developing clinically useful
AI-based systems for pathology detection [44], chronic conditions [123], mental health [131],
and collaborative environments of intensive care units [58]. However, conducting meaningful
formative studies for AI in a clinical context is afflicted by difficulty in obtaining access, engaging
healthcare professionals, and using AI as a design medium [32, 69, 115, 144]. In the context of still
technology-driven AI development, HCI is in need of investigating new ways of involving users in
foundational work to shape future systems and make them useful to healthcare professionals in
clinical practice.

2.3 Performance Does Not Equal Clinical Usefulness
The natural consequence of centring AI development around algorithms, models and data is evalu-
ation based on technical metrics, such as an Area Under a Receiver Operating Characteristic
Curve (AUC), accuracy, sensitivity and specificity. The performance-first evaluation approach
permeates the general research of clinical AI. Li et al. [77] reviewed the added value of AI when di-
agnosing thoracic pathologies. The primary metrics reported were sensitivity, specificity, accuracy,
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AUC and time spent diagnosing. According to Wang et al. [137], such retrospective cohort studies
constituted 98% of all the studies between 2015 and 2019 on AI in radiology.

Excelling at narrowly defined technical metrics may not be enough to bring meaningful change
to medical practice [18, 62]. Keane and Topol [62] argued that none of these metrics ultimately
relate to a change in patient outcomes. For example, breast radiography (mammography) has seen
a significant uptake in the use of CAD systems. However, successful use in clinical practice did
not improve patient outcomes [75]. This conundrum exemplifies that performance metrics are
ultimately relevant during development but do not reflect the benefits of using an AI-based system
in clinical practice [117].

This dichotomy has also been noticed by HCI researchers, who have been focusing on human-
centred qualities of AI-based systems like trust [11, 25, 56] and usability [26, 68, 85], which sup-
port the actual use of a system in practice. However, similar to the technical metrics, on their
own, they do not guarantee a positive impact on clinical practice and patient outcomes. Re-
searchers investigated what other qualities make an AI-based system clinically useful, which
was used as a general term describing positive contribution to clinical practice and patient out-
comes [16, 39, 135]. Bossen and Pine found that flexible integration into the clinical workflow,
support for sensemaking, awareness of unreliability, practitioners remaining in control and abil-
ity to experiment contributed to healthcare professionals considering the AI-based tool useful
[23]. Awareness of those caveats of implemented AI-based systems may be raised through on-
boarding practices. Cai et al. [27] proposed calibration of AI through interaction with examples
as a way to empower users and help them engage with new AI-based systems in a meaningful
manner. When we look into the in-use perceptions, Wang et al. found that the perceived useful-
ness stemmed from the tool supporting the clinical diagnostic process, facilitating information
search, offering training opportunities, and preventing adverse events [135]. These findings are
crucial to our understanding of factors influencing the clinical usefulness of AI-based systems.
However, to design for clinical usefulness, we need a better understanding of end-users’ needs and
expectations [131].

2.4 State of the Art in Radiology AI
For decades, radiology has been a space of innovation in medicine. Already in 1963, Lodwick et al.
[80] presented the first DSS for chest radiographs that provided lung cancer prognosis. Since then,
the broadly understood AI has progressed significantly to the point that prominent voices in the AI
community heralded the imminent obsolescence of radiologists [86]. Despite the passing years,
this vision has never materialised. While the number of FDA- or CE-approved AI-based systems in
radiology (in the United States and European Union, respectively) has been steadily increasing,
their clinical value is often uncertain [122, 132], and subsequently, their clinical use in radiology is
not much more significant than in the times of Lodwick et al. [46, 112, 137].

Recent research from the frontier between health and HCI aims to address this lack of clinical
value. For example, Leibig et al. investigated the effect of integration points on the final usefulness of
AI [76]. They compared the same AI-based model trained on the same dataset in two different roles
within a mammography cancer screening practice. In the first role, AI was used to substitute a radi-
ologist and its performance was significantly worse than that of a trained healthcare professional.
However, when AI was weaved into radiological practice—to pre-screen radiographs before being
seen by a radiologist and post-screen to make sure no cases were missed—their joint performance
significantly improved patient outcomes. In another study, AI was used to prioritise radiologists’
work lists by screening for critical findings [12]. Baltruschat et al. showed that in a simulated
environment, AI was able to reduce the average turnaround time for critical findings, indicating
potential for improving patient safety. When looking at other points of support in radiology work,

ACM Transactions on Computer-Human Interaction, Vol. 32, No. 2, Article 20. Publication date: April 2025.



Towards Clinically Useful AI 20:7

Xie et al. conducted a design study with ordering clinicians and radiologists. They explored how to
support ordering clinicians at their point of practice, primarily focusing on useful explanations
of AI prediction for chest X-rays [141]. These studies showcase that popular detection-focused
AI-based systems have the potential to support radiology practice in other ways than decision
support.

Similar grounded work was sparked by the advent of generative AI, e.g., LLMs, Large Multi-
modal Models (LMMs) and Large Vision Language Models (LVLMs), which opened an entirely
new design space linked to their novel capabilities. To support meaningful development and clinical
usefulness of systems using LVLMs, Yildirim et al. [147] conducted an iterative design process
with a strong foundational understanding of current work practices. They proposed new avenues
of useful AI support that centre around ‘draft report generation, augmented report review, visual
search and querying and patient imaging history highlights’. Importantly, the study by Yildirim
et al. considered the radiology practice as a coherent part of diagnostic processes and involved
clinicians using medical imaging, ensuring that their developed visions are relevant outside of the
isolated laboratory contexts. Other researchers also investigated the opportunities for LLMs to
support radiologists, in particular in drafting reports. For example, Yu et al. [149] proposed two
new metrics (RadGraph F1 and RadCliQ) supporting automated evaluation of alignment between
AI-generated radiological reports and radiologists. The latter was used by Hyland et al. [54] in
the evaluation of their proof-of-concept LMM, which in the controlled laboratory environment
showed promising results. These studies show how alternative approaches to thinking about AI in
radiological practice may support its appropriation.

Radiology researchers second these findings and argue that the development of AI-based systems
for radiology should search for new ways of supporting clinical practice rather than substitution
[72, 129, 143]. This call is motivated not only by the sub-par performance of AI-based models in
the wild but also by the complexity of radiologists’ practice that goes beyond the detection of
pathologies on medical images [96]. For example, Saßmannshausen et al. [111] and Ontika et al.
[91] conducted a practice-centred design study to support radiologists diagnosing prostate cancer.
Their work adhered to the HCAI principles and was deeply rooted in understanding local work
practices. As a result, they presented a co-designed vision for an AI-based system that embodied
the hybrid intelligence approach, i.e., aims to augment users’ capabilities with AI while preserving
their agency [57]. In the same tone, researchers argued for expanding the focus to ‘include quality
of care and patient outcomes’ [64]; ensure transparency, trust [27] and understandability [91, 141];
and work towards the AI-based system integration within the clinical workflows [15, 108] and its
appropriateness in local contexts [153].

In response to these challenges and to further the work conducted by the HCI community, we
engage chest X-ray practice not only as an independent phenomenon detached from the clinical
context but also as an integral part of diagnostic and treatment processes that involve a range
of healthcare professionals. We use this holistic understanding to locate visions for AI support
introduced by radiologists to support the development of clinically useful systems.

3 Methodology
Thegoal of this study is twofold: (1) to understand the challenges experienced by radiologists in chest
X-ray practice and (2) to support the innovation of radiological AI by mapping out opportunities
for AI support in chest X-ray practice across countries like Denmark and Kenya.

While the study is primarily focused on chest X-ray practice and supporting the innovation of
systems that can be translated across borders, it is important to be aware of the socio-economic
differences between the two countries. Denmark is characterised by its well-established welfare
state and high-income economy.The Danish state boasts a vast, digitalised public healthcare system,
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Table 1. Summary of Visited Medical Sites, Detailing the Types of Clinics, Radiologists
Employed and the Country of Operation

Site Type Work lists based on Radiologists Country

D1 Specialised hospital Speciality 100+ Denmark
D2 Imaging clinic Single list <5 Denmark
D3 General hospital Modality <20 Denmark
D4 General hospital Modality <5 Denmark
K1 Specialised hospital Speciality <20 Kenya
K2 Imaging clinic Single list 1 Kenya
K3 General hospital Single list 1 Kenya
K4 General hospital Single list <5 Kenya
K5 General hospital Modality 10 Kenya

The table also outlines the organisation of radiologists’ work lists within Picture Archiving and
Communication System (Section 4.1.1), categorised as follows: (1) Speciality: work lists contain medical
images from various modalities but focus on a single clinical domain, e.g., infectious diseases. (2)
Modality: work lists include medical images exclusively from a single modality, e.g., X-rays. (3) Single
list: all medical images are consolidated into one work list, regardless of modality or speciality.

where the number of people per radiologist totals 12,000 and up to 650,000 chest radiographs are
captured yearly [48]. Kenya is an emerging economy with diverse natural resources, a growing
population and a colonial history. Kenyan healthcare relies heavily on private medical centres to
cater to the healthcare needs of its populace. There are approximately 265,000 people per radiologist
in Kenya, and, to our best knowledge, there are no statistics about the annual number of captured
images [1].

3.1 Study Design
This field study comprised in-situ participatory observations with radiologists and radiographers
in nine medical sites in Denmark (4) and Kenya (5) (Table 1). To capture the complexity of work
performed by radiologists and identify commonalities, we encompassed various medical sites pro-
viding medical imaging services. We recruited participants through email and professional contacts
of our collaborators trying to reach a diverse group of professionals working at different medical
sites. We grouped the visited sites by the catered population, specialisation level of medical staff,
available resources and size. Two specialised hospitals (D1, K1) provided tertiary2 and quaternary3

care, handling the most complex medical procedures in their respective countries. Five general
hospitals (D3, D4, K3, K4, K5) offered primary and secondary care and referred patients requiring
more specialised care. Lastly, two imaging clinics (D2, K2) provided medical imaging services to
patients referred by external physicians for chest radiographs, ultrasounds or CT scans (only K2).
K2 also provided teleradiology services to clinics and hospitals in Kenya.

3.2 Participants
In total, 18 radiologists and 4 radiographers participated in this study (Table 2). Fifteen radiologists
held senior (consultant) positions, while the remaining 3 were junior radiologists. In the context

2Tertiary care is highly specialised medical care usually over an extended period that involves advanced and complex
procedures and treatments performed by medical specialists in state-of-the-art facilities.
3Quaternary care is an extension of tertiary care in reference to advanced levels of medicine which are highly specialised
and not widely accessed, and usually only offered in a very limited number of national or international centres.
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Table 2. Participants, Ordered by Sites

Participant Position Seniority Works with Chest
X-rays

Experience with AI in
radiology

Site

P1 Radiographer Senior Daily Yes D1
P2 Resident Radiologist Junior Training dependent Yes D1
P3 Resident Radiologist Junior Training dependent Yes D1
P4 Radiologist Senior Daily Yes D1
P5 Radiologist Senior Daily No D1
P6 Resident Radiologist Junior Training dependent Yes D1
P7 Radiologist Senior Daily Yes D1
P8 Radiologist Senior Daily Yes D1
P9 Radiologist Senior Few days a week Yes D3
P10 Radiologist Senior Few days a week No D4
P11 Resident Radiologist Junior Training dependent No D4
P12 Radiologist Senior Daily No D2
P13 Radiographers Senior Daily Yes K2
P14 Radiologist Senior Daily Yes K2
P15 Radiographer Junior Training dependent No K3
P16 Radiologist Senior Daily Yes K3
P17 Radiologist Senior Daily No K4
P18 Radiographer Senior Daily No K4
P19 Radiologist Senior Few days a week Yes K5
P20 Radiologist Senior Few days a week Yes K5
P21 Radiologist Senior Few days a week Yes K5
P22 Radiologist Senior Daily Yes K1

of handling chest X-rays, senior radiologists had more experience, and their reports did not have
to be approved by another radiologist. Conversely, junior radiologists focused on learning, and
their reports had to be approved by a senior colleague before they could be shared with ordering
clinicians. Radiographers, or radiologic technicians, were trained healthcare professionals who
captured medical images, including chest radiographs but did not officially interpret them.

Thirteen radiologists had previous experiences with various AI-based systems, which covered a
range of modalities. In particular, radiologists from D1 and D4 had a few DSSs for CT thorax at
their disposal. These systems offered functionalities like generating a 3D model, correcting motion,
segmenting lungs, and detecting findings. Participants working in K5 piloted a DSS detecting
selected findings on chest X-rays. However, doctors from K1 and K2 had past experiences with
systems detecting tumours in breast mammography, and the single doctor from K3 had past research
experience with AI for chest X-rays. Despite the past exposure and the availability of AI in some
clinics, only one of the participants used AI in their daily practice—a senior radiologist from D1
who self-described as a technology enthusiast.

3.3 Data Collection
To gain a broad understanding of how the work is truly conducted and subsequently use this
knowledge to develop grounded-in-practice visions for future AI use, we conducted in-situ obser-
vations [40, 99]. This approach contrasts with learning from written or oral reports, which often
distort the reality of the work, whether intentionally or not [65, 124]. As part of the observations,
we conducted semi-structured interviews pertaining to informing the observation goals that were
not observed or required clarifications [70].
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Using these two methods, we wanted to learn about six knowledge areas: the clinic’s profile,
organisation and division of work at the clinic, patient characteristics, daily routines, work involved
in handling chest radiographs and past experiences with AI-based systems. We aimed for this
knowledge to encompass more than the work of interpreting chest X-rays. We wanted to be able to
place specific tasks of radiologists within the broader and complex realities of healthcare delivery,
which include variations in patient populations, clinical practices and technological infrastructures.
Additionally, we gained insight into the overall context of clinical work, the collaboration among
healthcare professionals and the rhythm of the clinics.

This knowledge was essential to meaningfully develop visions for future AI use in chest X-ray
practice. Our approach was inspired by speculative design [10] and other non-formal methods of
eliciting possible futures used in health and HCI studies focused on AI [61, 123, 128]. During the
observations, we encouraged radiologists to envision AI support in relation to the work conducted
by asking questions like, ‘Can you imagine how AI could help you right now?’ By doing this,
we ensured that ideas generated during the observations were related to practice and practical
challenges and were sensible to the current state of the art in AI but not limited by it. Moreover, we
encouraged our participants to be critical in their visions and not limit themselves to improvements
on already available systems by highlighting that we were at the beginning of the innovation
process, not limited by preconceived ideas about support and not affiliated with any leading
health-tech enterprise. Additionally, as researchers engaging in formative research, we positioned
ourselves on the opposite side of the technology-first approach to innovating AI-based systems,
which our participants reacted positively to by acknowledging that they were rarely asked for
qualitative opinions on the evaluated and piloted systems.

3.3.1 Practical Execution. Each observation started with informing about the study and obser-
vation goals and, if any gaps in knowledge remained, ended by asking clarifying questions. During
the observations, we took place behind the participants’ side to observe and ask questions about
their work. We halted observations and waited in common areas during meetings or other activities
involving patients or unrelated to the focus of the observations. Since we aimed to introduce as little
disruption as possible, we engaged in discussion only when our participants indicated readiness
by opening up for conversation. Usually, these exchanges occurred during their breaks between
examinations or when they encountered something they considered worth sharing, e.g., describing
their routine or an interesting case. Often, participants themselves initiated this conversation by
saying, e.g., ‘I think artificial intelligence could be very helpful here to …’ [P9], which we followed
up on with questions to better understand their visions.

Data collection took place from April 2021 to February 2023. We visited D1 in April 2021 (HDZ),
D3 and D4 in February and March 2022 (HDZ), K1–K5 in January and February 2023 (HDZ, TOA)
and D2 in February 2023 (HDZ, TOA). No personal information was recorded at any time. In
cases where particular X-rays were discussed, they were pseudonymised, leaving out personal
information like name and identification number.

In total, we conducted 67 hours of in-situ observations—35 hours in Denmark and 32 hours in
Kenya. The length of observations varied based on the subject and situation in the clinic. This means
that our participants decided the times and length of observations. On average, we observed each
participant’s work for 3 hours and 25 minutes (min. 30 minutes—max. 16 hours). Observations of P1,
P9–P22 were audio recorded, transcribed and supplied with handwritten notes; during observations
of P2–P8, only handwritten notes were taken.

Participants were not compensated. We collected written consent from all participants. Our
study was considered a non-interventional, observational study, thus exempt from a formal ethical
review according to the authors’ institutions’ institutional review boards.
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3.4 Data Analysis
Based on the lived experience, information gathered during the interviews and observation notes,
HDZ, TOA and YC mapped the practice of handling chest X-rays across the clinical settings.
When conducting the observations, we realised the broad similarities between medical settings of
the same type. This became apparent when we started to depict the workflows for the different
settings and situations based on observation experiences and notes. Iteratively, we clarified the
dimensions that determined the similarities, i.e., the catered population, specialisation level of
medical staff, available resources and size, and converged on three workflows of chest X-ray practice
(Figure 1). Importantly, the radiologist part of those workflows was shared across the settings
and encompassed three general steps: selecting, interpreting and reporting. This work was done
through April and May 2023 in a digital whiteboard—Miro.4 The workflow models were validated
by domain experts—co-authors of this article (EK, RW, MKO, EKM, SNG, SSY, JFC, MBN).

We used thematic analysis [24] to analyse the data collected during the in-situ participatory
observations: recordings and handwritten notes. We conducted this analysis in Dovetail,5 a web
application for qualitative data analysis. Firstly, the first author familiarised themselves with
the data by manually correcting machine-transcribed audio recordings from the observations
and interviews and transferring handwritten notes to a digital format. Secondly, guided by the
gained experience from the empirical work, the first author manually coded any references to
work practices, radiographs and AI (both past experiences and envisioned future use) made by
our participants. Thirdly, employing Dovetail’s digital canvas, three authors (HDZ, TOA and YC)
explored the codes for themes, and no AI was used to support this process.Throughweekly meetings
through May and June 2023, they iterated the breadth and meaning of created themes in the context
of observed practice. As the data included a range of visions and challenges, we searched for
similarities in the contexts and our participants’ intent to bring out the underlying meaning and
provide generalisable yet concrete visions for the future. In this step particularly important was the
empirical knowledge gathered during the observations that allowed us to better understand and
contextualise collected data. As a result, we conceptualised five themes representing challenges
encountered in radiologist practice and related visions of AI support.

3.5 Methodological Limitations
Several methodological limitations in our study should be acknowledged. In Figure 1, we mapped
out the chest X-ray practice starting from the X-ray order and finishing on the radiological report.
While there are many healthcare workers involved in this process, we focused solely on supporting
radiologists. The reason behind this choice was connected to the broader project that this study
was a part of, and its applied aspect. Due to legal requirements in Denmark, only radiologists,
as experts in their field, are allowed to interpret and report on chest X-rays. Thus, a system that
supports the chest X-ray practice had to be centred on radiologists as the intended end-users. To
this end, we conducted only a limited number of interviews with ordering clinicians in D1 and K1
(not included in this study) and radiographers, which offered contextual insights about the chest
X-ray practice. For the same reason, we did not engage administrative workers who may play a
role in determining the distribution of work within the departments.

Moreover, we acknowledge that the reporting stage was not explored with as much depth as
other stages of the practice. This can be attributed to the fact that the participants’ perspective on
AI support was largely shaped by their practical experiences and challenges. Next, we acknowledge
the recent developments and potential of LLMs. However, as they were not brought up in the

4https://miro.com
5https://dovetail.com
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Fig. 1. A workflow of chest X-ray practice observed in the three types of clinical settings in Denmark and
Kenya. The radiology part of the workflow is highlighted in blue, and three activities are distinguished. PACS,
Picture Archiving and Communication System.
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visions for future AI support, we do not have enough basis to address them. Moreover, the broader
project plan was created prior to the LLM advancement, and due to that fact, they were not taken
into consideration when specifying the scope of the project. Finally, while Denmark and Kenya are
two countries from the Global North and the Global South, respectively, this study does not claim
to address the radiology practice worldwide. Rather we offer a unique opportunity to see how we
can innovate AI that translates across contexts. We caution that other practices may be observed in
other countries, and visions for AI support may differ.

4 Vision of Clinically Useful AI Support Rooted in Chest X-Ray Practice
We expected stark differences between the radiologists’ work practices from different countries,
primed by the differences in Danish and Kenyan healthcare systems. However, the work practices
concerning chest X-ray handling were remarkably similar. In fact, work practices in medical sites
of similar type across the countries were more similar than practices within the same country
but different types of medical sites, where the medical site types were defined as specialised
hospitals (D1, K1), the imaging clinics (D2, K2) and the general hospitals (D3, D4, K3, K4, K5). Subtle
differences linked to the digitalisation of the processes pertained to the medium of the referrals
(digital or paper) and are depicted in Figure 1.

Across the settings, we observed three common activities that radiologists conducted when
handling a single chest X-ray—selection, interpretation and reporting, present across all the visited
medical sites in Denmark and Kenya (Figure 1). Importantly, we speak only to the similarities in
chest X-ray practice and not socio-economic aspects of healthcare systems or other activities in
radiologists work days like conferences with clinicians, supervising junior radiologists, preparing
protocols for CT scans and performing ultrasounds or CT-guided biopsies.

Notably, the selection, interpretation and reporting were remarkably fast. The simplest of radio-
graphs were said to be assessed within 30 seconds to 5 minutes. More complex ones reportedly
took between 5 and 15 minutes. Generally, the more specialised setting (and thus the reader, not
including residents), the shorter the assessment time. These estimates include all the work from
selecting an examination from a list of radiographs captured in the system to disseminating a
report.

The three outlined activities (selection, interpretation and reporting), while performed by radiol-
ogists, depended on communication and collaboration with other healthcare workers (ordering
clinicians, radiographers and secretaries) involved in the chest X-ray practice (Figure 2). Ordering
clinicians were radiologists’ primary collaborators. They initiated the X-ray flow and were the
final recipients of the reports. Radiographers and secretaries also played an important role in
organising radiologist work throughout the day. Secretaries manually filled in the integration gaps
between used IT systems and shared information to reduce the inconveniences of long waiting
times for patients. However, radiographers captured X-rays. More experienced radiographers,
although legally not allowed to report on X-rays, had extensive tacit knowledge gained during
work and could often spot critical radiological findings in the X-rays. Additionally, they always
personally interacted with patients. Due to these two points, sometimes they alerted radiologists
about accidental medical emergencies spotted. Importantly, any of the actors could have initiated
such collaboration, depending on their information needs and the patient’s health. Moreover,
communication often happened using different means and with varying support of technology, e.g.,
through referrals, phones, Picture Archiving and Communication System (PACS) or physical
interaction. These findings paint a picture of chest X-ray practice as not solitary and independent
of external factors but rather deeply embedded in clinical practice, mediated and collaborative.

To explore the connection between the situated chest X-ray practice and opportunities for
clinically useful AI support, we enquired about radiologists’ visions of how AI could help them at
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Fig. 2. A depiction of chest X-ray practice illustrating the collaboration and communication between involved
healthcare professionals. PACS, Picture Archiving and Communication System.
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Table 3. Challenges Encountered in Chest X-ray Practice and Envisioned AI Support

Selection
Challenge: Backlog of X-rays to report exceeding daily processing capacity
Vision: AI distributing examinations by user’s expertise
Challenge: Selecting the next most relevant examination to report without an easy overview
Vision: AI detecting medical emergencies

Interpretation
Challenge: Interpreting visually ambiguous findings
Vision: AI providing decision support on subtle and difficult cases
Challenge: Time-consuming process of obtaining additional clinical information
Vision: AI measuring visual features and comparing changes across historical examinations

Reporting
Challenge: Conveying the right information in a report
Vision: AI double-checking reports against radiographs for missed or misinterpreted findings

work. Their visions stemmed from practical challenges faced during everyday work and focused
on providing actionable support rather than automating some of their tasks (Table 3). This was
well captured by P4, a senior radiologist from a specialised hospital in Denmark (D1), Make AI that
helps me do my work better or faster. Increasing efficiency and improving patient health outcomes
were the basis for every envisioned functionality.

In this section, we will deconstruct the three activities of chest X-ray practice, highlight their
collaborative aspects and relevant dependencies linked to the type of clinical sites. Finally, for each
of the activities, we will locate the challenges and describe visions for alleviating them.

4.1 Selection: Practice of Prioritising
Radiologists in both countries started their work by logging in to the PACS, their primary working
tool. This is where they selected, viewed, interpreted and reported examinations. The PACS also
allowed for accessing historical images and referrals. A referral, also called a clinical history or an
indication, typically includes a short description of a patient’s current state and a clinical question
justifying the X-ray order. In cases where the PACS was not integrated with a system used by
ordering clinicians, paper-based referrals were delivered physically to the radiologist (K2), entered
to the PACS by radiographers when capturing a radiograph (K3) or scanned and uploaded to the
PACS when capturing a radiograph (K4, K5). The PACS was independent of the EHR system in
every visited site, and there was little to no integration between them.

4.1.1 Challenge: Backlog of X-rays to Report Exceeding Daily Processing Capacity. In the PACS,
radiologists accessed their work lists for a given day and gained an overview of the examinations
to be reported. At that time, the radiographs captured in the evening of the previous day or at
night were available for reporting. More X-rays were taken during the day. In most of the general
hospitals in both countries (D3, D4, K4, K5) and the imaging clinic in Kenya (K2), the number of
chest radiographs taken daily often reached or exceeded their reporting capabilities per day, which
was voiced by P10, a senior radiologist from a general hospital in Denmark, I just dream one day. I
will open my list and just see ten examinations—always around or more than 50. Usually, the number
of patients fluctuated depending on the day of the week, season or proximity of important dates,
e.g., beginning or end of school or holidays.
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Typically, with several radiologists in a clinic, one radiologist was responsible for a single work
list daily. A work list in the PACS held examinations of the same type that needed to be reported.
The type was defined on the hospital or clinic level and could be based on, e.g., modality or the
department of the ordering clinician. This means that radiologists were responsible for reporting
examinations assigned to their specific list, which were usually similar. Sometimes, a radiologist
was responsible for more than a single work list, especially in specialised hospitals and during
increased patient visits. How radiologists and examinations were assigned to work lists varied
depending on the medical site (Table 1).

—Specialised Hospitals (D1, K1). Work lists were created based on medical specialisations and
departments in the hospitals, e.g., infectious diseases, oncology or heart medicine, and all types
of the captured imaging were included as captures as part of their work, e.g., radiographs, CT
or magnetic resonance imaging.

—Big General Hospitals (D3, D4 and K5). Thework lists were created per imaging type (modality),
i.e., all CTs were assigned to one list, and all radiographs were assigned to another, sometimes
with few exceptions, e.g., oncological CTs. In these hospitals, radiologists worked on a weekly
schedule, assigned to one of such lists a day.

—Small General Hospitals and Medical Imaging Clinics (D2, K2, K3, K4). Usually, there was only
one list, which could have been filtered for a specific imaging type.

Vision: AI Distributing Examinations by User’s Expertise. Radiologists envisioned an AI-based
system that would ‘filter the normal radiographs’ in times of increased workload. It would screen
all incoming chest radiographs for findings and assign them to one of two categories: those with
abnormal findings and those without. P19, the head of the radiology department in a large Kenyan
general hospital (K5), suggested that the ones that are not flagged as abnormal are given to junior
radiologists to clear the dispute. This means that junior radiologists would ensure that a radiograph
is truly normal and correct for errors. P19 continued, And then the ones that have findings, I would
assign to one of the senior radiologists. That would be useful. This way, senior radiologists would
use their time efficiently, focusing only on radiographs with findings. This suggestion sprouted
when we asked about the backlog of 500 unreported radiographs. Through such an AI-supported
distribution, P19 hoped for more radiographs to be reported within a given period to reduce the
backlog to normal.

This suggestion was considered a useful tool to support the smooth work of a radiology depart-
ment in times of increased workload. However, radiologists were aware of the potential negative
effects on the education of junior radiologists should such a system be used daily, which was not
their intention. Such a system was envisioned as a temporary means of support in moments of
greater stress on the healthcare system for the purpose of clearing the backlog. 500 [cases] is not
too much. Once you get down to a reasonable number, then, of course, they can stop. But it’ll be a
good filtering tool to clear the queue [P19]. After clearing this temporary backlog, the distribution of
examinations would return to normal to re-engage junior radiologists in education.

4.1.2 Challenge: Selecting the Next Most Relevant Examination to Report without an Easy Overview.
When selecting the next examination to report, radiologists in Denmark and Kenya constantly
scanned for the next most relevant and urgent examination. In the observed sites, medical emer-
gencies constituted urgency and were always prioritised by radiologists. A medical emergency
was usually indicated by ordering clinicians on an X-ray order, as they were the ones who knew
patients’ health conditions (Figure 3). Importantly, these medical emergencies did not account for
accidental findings, i.e., conditions that could constitute an emergency but were not expected by
the ordering clinician.
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Fig. 3. A note from D4 indicating medical emergency. The emergency was indicated by an ordering clinician.
A radiographer capturing the radiograph would take note of the emergency and bring this note to a reporting
radiologist to prioritise it.

Themeaning of urgency varied between the sites and situations. Not all consequential radiological
findings, e.g., cancer, constituted urgency. This was explained by P22, a specialised radiologist
from K1, if you look at the medical emergency, things that need to be actioned, it’s not everything.
A lung nodule that has been sitting there for a few months, even if I report it on Monday [after a
weekend], doesn’t make a big difference, but a pneumothorax … makes sense. This quote emphasises
the importance of timely treatment for selected conditions, e.g., pneumothorax, which almost
always constitutes a medical emergency, as a delay of even a few days can negatively impact patient
outcomes. Whereas prospects with other conditions, despite their seriousness, are less affected by
a delay of a few days. Moreover, the conditions prevalent in different hospitals may depend on
the type of the medical site and the population it serves. P17 highlighted the inherent complexity
of deciding a priority among other cases that do not constitute a medical emergency. I can’t say
this [a single radiological finding] is a high priority and ignore the other because it is one scenario,
one package. I can’t tell which one’s more important. In different contexts, different findings may be
more or less critical, e.g., the air in the abdomen is an expected finding in a post-operative X-ray
but an uncommon one in routine assessment, mandating immediate action in a routine X-ray.

While the utmost priority was given to urgent medical cases, healthcare professionals, whenever
possible, tried to alleviate patient inconvenience. This prioritisation was observed when a patient
had to wait for the report, often to bring it to the ordering clinician (K2, K4, K5). Such patients were
noted by secretaries or radiographers, who informed radiologists about their situation. This way,
the waiting patients’ examinations were picked before other non-urgent examinations but after
any constituting a medical urgency, as explained by P21: You see some of these people are not waiting
here. They got the exam and went home; others are sitting at the reception. So there’s a receptionist
there who comes to tell you: “This one is waiting here; please prioritise”. So we will do that one and
then move on with the rest of the list.
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Medical emergencies were communicated in several ways and, to varying degrees, supported
by the existing IT systems. Radiologists typically received communication about the most critical
cases through phone calls from the ordering clinicians. This was observed in both countries even
when a priority attribute could be indicated on a radiograph order. Such calls were made primarily
between doctors within the same hospital, as noted by P17: [Even at night] they call us. If there is an
urgent [case], they have to call me: “We have an urgent case. Please report it immediately.” So I have
to wake up and report. However, maintaining the delicate balance between medical urgency and
convenience was difficult. Some phone calls were motivated by the organisation of work at the
requesting institution and not a patient emergency. <After putting down the phone> Urgent thing …
or it’s urgent because they’re closing around five. It’s always urgent. So around this time, everyone
starts calling [P14]. In such cases, the phone calls may not always achieve the desired prioritisation
but instead introduce breakages to the workflow.

Instead, radiologists preferred the urgency conveyed through PACS as an attribute of a radio-
graph order. Using this attribute, they could order their work list to select the next most relevant
examination to report. In K1, examinations were colour-coded based on the urgency attribute: The
red is an urgent, very urgent examination … So this one you want to report within 1-2 hours, preferably
before 1 … The next colour will be semi-urgent, so within two hours, preferably before. Then there is
this <colour>. Usually, the turnaround time is 24 hours. So the colour codes help us to know which
exams we need to report first [P22]. This way, radiologists could get an overview of their patients,
plan their work accordingly and minimise interruptions caused by phone calls.

Without the prioritisation in the PACS, radiologists relied on secretaries and radiographers to
inform them about patients requiring immediate attention. They also established other processes to
gain an overview of their work lists and select the most relevant examination next, like quickly
checking all referrals. Not every PACS in the visited sites supported that functionality (D2, D3, K2,
K3, K4), and the system in K5, which did, was rendered unusable due to organisational challenges.
Every examination in K5’s PACS system was marked as urgent, while almost none of them were.
As a result, radiologists ignored the urgency attribute and did not use it for prioritisation. P17, from
a small general hospital in Kenya, usually quickly browsed through all the paper referrals, which
were scanned in the PACS and linked to the examinations, to see which examination to report next.

Lastly, in all of the hospitals, the work and expertise of radiographers were crucial for radiologists’
prioritisation of cases. They conveyed the urgency assigned by an ordering clinician in some of
the general hospitals (D3, D4, K3, K4). Moreover, whenever assessing the quality of the captured
X-rays, radiologists would gain experience in distinguishing certain findings. P9 explained why
this was important, Technicians [radiographers], they were wondering what this was in the breast,
but she had both her breasts removed, and I think she had a hematoma, and that’s what’s remaining
… It’s good for them to learn because then they can see if there’s something urgent, and they will call
us. Based on this experience and patient interactions, radiographers could spot certain conditions
on X-rays that necessitated urgency and inform radiologists about them.

Vision: AI Detecting Medical Emergencies. In all the visited sites, radiologists received examinations
chronologically and constantly engaged in prioritisation work at the scene to report the most
urgent and relevant examinations first. However, they had a little overview of the content of the
examinations before opening them and relied primarily on clinician-indicated emergencies, which
meant that inevitably, some of the urgent findings remained undetected until a radiologist saw the
radiograph. Participants from Denmark and Kenya shared similar visions when asked whether
they could envision AI supporting them in this prioritisation.

Radiologists envisioned an AI-based system that would screen all the incoming radiographs
and detect findings constituting medical emergencies (K1, K2, K3, K5, D2, D4). While the desired
findings to screen for varied between contexts and practitioners, pneumothorax—a lung collapse
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that may lead to respiratory or heart failure—almost always constituted a medical emergency.
P14 envisioned AI that would detect it, you can use it to triage trauma patients, ICU patients, and
generally walk-ins … If there’s a pneumothorax, it’ll let me know. That’s a very useful thing. They
would use that knowledge to prioritise relevant cases in their work lists and deliver crucial reports
faster. Such screening would improve patient outcomes by faster diagnosis in time-sensitive cases.
The main clinical value comes from providing faster diagnoses for patients with undetected medical
emergencies.

4.2 Interpretation: Practice of Drawing Conclusions
After selecting an X-ray, radiologists proceeded to interpret it. The interpretation of chest X-rays
involved understanding (1) a patient’s situation, (2) visually detecting findings and (3) interpreting
them in the patient context, i.e., why the X-ray was ordered, the patient’s current state, their
location (admitted to a hospital or at home) and their medical history. This results in a high degree
of subjectivity. P20, a senior radiologist from a large general hospital in Kenya, warned us that
you can ask each of us [three senior radiologists in the room] and everybody will give a different
opinion. That’s the biggest problem with chest X-rays [P20]. We observed two main reasons for
this variability: the visual complexity of chest X-rays and the variation in the additional medical
information required to interpret them.

4.2.1 Challenge: Interpreting Visually Ambiguous Findings. Chest radiographs are visually com-
plex, making distinguishing and interpreting single findings difficult. P14 explained how X-rays
are merely shadows of the complex structures in the human body cast on a plane. On the surface,
it [an X-ray] is extremely simple, but as you look at it, it becomes extremely complex … because of
all the things that are in the chest and even the different densities within the chest from the lung,
all the way to bones, mediastinum, and everything in between. However, even when spotted, many
abnormalities cannot be categorised unequivocally. Shadows of different conditions look the same;
some pathologies may hide behind others. For example, during an observation P9 noted, So I’m
looking at this area and wonder if there is anything relevant. But there is something like this on the
other side, so it probably is nothing. This is one of the very difficult areas because there are too many
bones … and this patient is like this [wrongly positioned], and he’s overweight. P9 explained that they
relied on their experience with similar cases to interpret such findings accurately.

One of the main ways radiologists resolve doubts about their interpretations is through collabo-
rative interpretation with their colleagues (Figure 4). Such collaboration was well supported by a
local PACS in D3 through an internal messaging system. As a result, such consultations became a
norm. I think this is one of the best things about our PAC system. We use it a lot … Instead of calling
and saying, “Look at this CPR number [personal identification number]”, and she is plotting it in [it
takes extra time], now this is so easy [to just send it] [P9]. Later, they encountered an X-ray that they
were uncertain about. P9 decided to ask for a second opinion from their colleague: So I just want to
show her this. I don’t know what happened, but it doesn’t look good at all. Maybe it’s nothing. Then,
they concurred at the colleague’s desk and worked together to interpret the examination. This effort
was deemed worthwhile even when faced with additional labour needed to consult with peers. As
the only radiologist in K2, P14 had to rely on collaborating with other radiologists remotely, e.g., I
have a friend who’s in the US … maybe two, three months ago, there was one case that … boggled my
mind, he specialised in paediatric radiology, but he’s also done musculoskeletal radiology so I would
consult with him. There’s another radiologist who works at (K5) whom I consult with.

Junior radiologists relied even more on collaboration with their senior colleagues. As part of
their training, they held regular meetings with their supervisor, which offered an opportunity to
ask questions about difficult cases and their interpretations. However, when stuck on a particularly
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Fig. 4. In K5, the reporting room was occupied by three radiologists at the time of the study. Radiologists
often chatted about examinations to resolve doubts. They either turned and looked together at an examination
on a single workstation or read out loud an identification number, which other radiologists used to find the
examination in question and interpret within their own workstation.

difficult case, junior radiologists would reach out to their senior colleagues outside of the regimen
of scheduled meetings, as explained by P11, if I have any questions, I just need to find anyone who is
at work [senior doctor qualified to approve x-rays] and I can just confer with them. These scenarios
exemplify the collaborative practices among radiologists from different medical sites and the critical
role of such collaboration in chest radiograph interpretation.

Vision: AI Providing Decision Support on Subtle and Difficult Cases. Doctors from the majority of
the clinical sites (D1, D2, K1, K2, K3, and K5) envisioned two AI-based functionalities that would
help them during the interpretation of the radiographs—(1) providing decision support to increase
certainty in difficult cases and (2) detecting subtle finding to reduce the risk of overlooking.

Firstly, our participants wished that AI could provide decision support when unsure about their
interpretation. While our participants consulted their colleagues and friends when interpreting
difficult cases, this support was often burdened with extra work to share the examinations, connect
over the Internet or walk to another room to discuss them. P16, the only radiologist at a small
general hospital in Kenya (K3), depicted the following intended use, I think for me the utility will be
more … like a second opinion. I would want it to be like a second opinion to be more confident. Similarly,
P4 explained that in cases when they were not completely sure of a diagnosis, AI providing decision
support could help decide on their interpretation, If I’m 95% sure about the diagnosis, and find
something else [an AI prediction] that suggests it, then I’m 100% sure. While consulting colleagues
may be more beneficial, it also takes more resources. Due to the high workload, radiologists often
could not read through all the available medical history, let alone consult all the cases among each
other. These constraints would not afflict an AI that could opinion a difficult radiograph in question.

Secondly, they envisioned a system that could help them not to miss subtle findings during the
interpretation. You are often in a hurry. It’ll always help if a machine can … show me something
I haven’t seen. Of course, I can’t see everything. Of course, I’ll make failures [P12]. The awareness
of the possibility of missing subtle findings was common among our participants. Similarly, P22
from K1 reflected, As human beings, sometimes you miss something. You miss a small, tiny nodule in
the chest x-ray, which after six months … the patient comes back, and it’s a big mass which you had

ACM Transactions on Computer-Human Interaction, Vol. 32, No. 2, Article 20. Publication date: April 2025.



Towards Clinically Useful AI 20:21

missed, which happens. We’re humans. In these visions, radiologists wanted to ensure that they had
not missed anything by having an AI double-check the radiograph for subtle findings.

These envisioned AI-based systems were contingent on the usefulness of the detected findings.
Namely, the need for support was very low when interpreting simple cases with ‘obvious’ findings.
This was emphasised by radiologists from Denmark and Kenya alike, e.g., P20 who previously
evaluated an AI-based chest X-ray decision support tool mentioned, when the findings are obvious,
it wouldn’t even be faster because then … you’ll see them quickly. It’s with those subtle [findings] that
AI could be useful. The obviousness of the findings was also relative. While most radiologists found
decision support detecting pneumothorax extremely useful, a specialised radiologist interpreting
post-operative X-rays, where pneumothorax is a relatively frequent finding, held a contrary opinion:
Your tool will most likely detect pneumothorax. It’s not that useful. We can easily see a pneumothorax
[P7]. These comments highlight the lack of clinical usefulness of AI-based systems providing
decision support for obvious findings relative to the medical site and professional expertise.

4.2.2 Challenge: Time-Consuming Process of Obtaining Additional Clinical Information. Chest
X-rays were only one of many diagnostic tools healthcare professionals in Denmark and Kenya
employed to understand patient conditions. Insights from chest X-rays were only as good as radi-
ologists’ understanding of patients’ context. Radiologists in both countries familiarised themselves
with a radiograph referral to understand the clinical questions associated with a particular X-ray.
Then, they gathered other available clinical information, e.g., historical images, to create a coherent
story about a patient’s condition. Only then, in the light of their understanding of a particular
patient’s situation, they interpreted the radiological findings seen on an X-ray. P9 pointed out the
broader focus of radiologists’ work: It’s all the big picture, and I can’t do a proper description of the
picture if I don’t have all the information.

A referral was typically available in digital (as a scanned document or a digital entry) or paper
form. Radiologists used referrals to focus their efforts and guide their interpretation of visually
similar findings. P17 stressed out that if they [ordering clinician] didn’t write it, I don’t know what
they look for, why this patient did the chest X-ray. Are we looking for an infection or pneumonia? But
the patient had a trauma, so we are looking for a fracture. Maybe I would have missed it if they hadn’t
told me. For this reason, all of our participants considered a referral necessary information and
often would not report an X-ray without it.

Historical radiographs were another important source of information. Comparing patients’
current X-rays against previous ones was useful to exclude potentially life-threatening diagnoses
and discern between visually similar findings. P12, from an imaging clinic in Denmark (D2), captured
this by referring to old X-rays as gold: they are gold because when you can see he [a patient] was
seen five years ago, you find the old picture and it looks exactly the same. Then you say, “Oh, it’s
not cancer”. In this scenario, P12 found the same finding of the same size on a historical X-ray.
Hence, they could rule out cancer. Similarly, P21 from a large general hospital in Kenya (K5) used
historical X-rays to guide their interpretation of ambiguous findings: The images can look alike.
But interpretation will differ depending on the history [P21]. While providing invaluable insights,
fetching historical images and comparing the development of findings across the radiographs were
repetitive, time-consuming and poorly supported by the PACSs. It takes a lot of time to open one
[radiograph], look at it and see what was happening, then open the next one and see if it had resolved
[P22]. The need for extra time to use historical radiographs was a concern during times of heavy
workload.

Medical records provided a wealth of information, e.g., test results or treatment progress, yet
radiologists had to go out of their way to access them. Since radiologists worked in PACS and
could access the referral and historical images directly, switching systems to search for patient
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information in the EHR was usually time-consuming. Because of this, it was used as a source of last
resort for most complex cases. P10 explained: Not all of us will do this because we do not have enough
time. I can’t check every patient in the SP [the local EHR system]. However, information obtained
in such a way was considered very helpful, as expressed by P22: I prefer to check the records cause
you’re able to get even more [information] than the clinician may give you. The EHR was available in
Danish hospitals, in the specialised hospital (K1) and the bigger general hospital (K5) in Kenya.
Paper versions of the records were not used.

Finally, despite the overwhelming subjectivity of the interpretations, radiologists pointed out
that they also use some objective metrics. Frequently, radiologists manually measured ratios or
sizes of visual features on a radiograph to discern certain conditions. For example, they measured
the width of the cardiac silhouette and the thoracic cavity. A ratio greater than 0.5 suggested
cardiomegaly (enlarged heart). Similarly, P14 explained, I am trying to discern whether this area is
normal vascularity or whether it’s an infection. An objective way to do that is to compare the intercostal
spaces. While measuring such features was common and not difficult for radiologists, it takes their
valuable time away from using their expertise.

Vision: AI Measuring Visual Features and Comparing Changes Across Historical Examinations. To
reduce the probability of errors and streamline their interpretative work, radiologists envisioned
AI-based systems that could (1) pre-process radiographs by measuring visual features and (2)
compare detected findings against historical radiographs.

Firstly, AI could assist with manual measurements of visual features. P22 envisioned an AI-based
system that could support their interpretation by conducting such measurements: AI could just
measure for me the heart size and tell me if it’s within normal. Because it’s very manual, time-wasting
… But you know, you can easily train a machine to do that. This way, radiologists would only have to
inspect the results, which would realistically reduce the time needed to interpret a radiograph.

Secondly, AI could automatically compare changes between historical radiographs. Similar to the
manual measurements, fetching historical images and assessing their differences were a common
and time-consuming task. Participants from K1, K5, D1, D3, and D4 envisioned an AI-based system
that automatically fetched historical radiographs, detected relevant findings using image recognition
and compared their development over time. Providing such support would expedite the manual
search for findings across historical images and help radiologists assess whether changes currently
observed are new developments or have been already present, resulting in improved clinical
outcomes. Rather than spending time on manual fetching and comparing historical radiographs,
P22, working in a specialised hospital in Kenya, envisioned: It would help to have an AI that just
compares … say the last five scans … highlights those changes for you so that you can just interpret what
has happened. So that would be nice. In this vision, the AI-based system would use image recognition
to detect changes between historical chest radiographs and bring them to the radiologist’s attention
for interpretation. P9, from a general hospital in Denmark, envisioned a similar support tool to find
the same finding across historical images and inform radiologists about its progression. There are
some small nodules in the right lung, and I have to compare … I think artificial intelligence could be
very helpful here to spot the nodules and then compare them. The envisioned functionality would
allow radiologists to focus on interpreting the changes rather than fetching images and localising
the changes.

4.3 Reporting: Practice of Contribution
The final stage of handling a chest radiograph encompassed writing a report. A report may seem to
be solely a plain summary of an X-ray interpretation. However, this part of radiologists’ work was
also mediated by a patient’s context and the expertise of the report recipient. In the visited sites,
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Fig. 5. In D1, conferences with clinicians were a part of the dissemination practices aimed at increasing the
knowledge transfer between radiologists and ordering clinicians. In this room, radiologists responsible for
one work list presented and explained the most important, difficult or interesting cases to clinicians from
the departments that ordered them. This was also when they could ask questions about the reports of other
patients.

radiologists usually communicated the three following elements in their reports: their impressions
of what they saw on the radiograph, their interpretation of these findings in relation to the patient’s
condition and recommendations on the next steps for the ordering clinician (Figure 5).

4.3.1 Challenge: Conveying the Right Information in a Report. Radiologists framed their reports
to provide maximum benefit to the patient based on the ordering clinic and the report recipient.
The level of detail in their descriptions was finer if they knew that the ordering clinician could use
this information. They also mentioned all the visual findings that may concern ordering clinicians
to avoid confusion, even if they were not clinically relevant. There are some [findings] that I can
ignore mentioning. But the others not … they [ordering clinicians] might think that you missed it
because they’re not aware what it is, they might worry that maybe it is something when it’s not [P16].
Similarly, the type of guidance radiologists provided varied between the recipients. P14 from a
medical imaging and teleradiology clinic in Kenya mentioned, My reports vary depending on who
has sent it [an X-ray order]. So if it’s a medical centre in Nairobi, I know they’re going to interact with
a healthcare practitioner who’s fairly experienced… but the further out you go out, the less you have …
P14 explained that clinics in the remote parts of Kenya lack medical doctors. As a result, nurses and
clinical officers take care of patients. In some cases, they may lack the medical training necessary to
navigate the complexities of diagnosing certain conditions. P14 continued, I need to use my expertise
to sort of guide them. Cause they’ll put a lot of weight on what I say … You want to give them some
ideas: “This is what I think is going on. Please check for 1, 2, 3.” And then they may not have thought of
it and said: “Oh well, the child doesn’t have a fever, and the child hasn’t been coughing, so it’s unlikely
to be pneumonia.” But if I write pneumonia, they’re going to put the child on antibiotics whether or not
the child has symptoms. So they say, “The doctor from Nairobi says pneumonia, so it’s pneumonia.”
It’s tricky … Overall, these quotes underscore the adaptability and responsibility of radiologists
to provide tailored guidance in their reports based on the specific needs and capabilities of the
recipients they report to.

Vision: AI Double-Checking Reports against Radiographs for Missed or Misinterpreted Findings. As
a response to the problem originating at the interpretation stage—the complexity of reporting chest
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X-rays and the high temporal cost of accessing support—and at the reporting stage—the fallibility
of transcription software used—radiologists envisioned a system that would double-check whether
all the relevant findings detected on the X-ray were mentioned in the report. This system would
use two types of AI: Natural Language Processing (NLP) to read through a radiologist’s report
and image detection to detect relevant findings on an X-ray. Subsequently, the system would assess
whether all the findings detected on an X-ray were also present in the accompanying report. In
case of divergence or missing a finding, it would notify radiologists about potential errors.

Radiologists acknowledged their fallibility, which could be minimised with such AI use as
envisioned by P17, Even for us as consultants … everyone is making mistakes, right? So I can report
everything, and just with one click, I can … see if I was wrong, if I missed something, if I have to
think more about this, if I have to ignore this. It’ll help everyone. The report analysis is the main
difference between this vision and the decision support described before. In this envisioned future,
the AI’s assessment of the radiograph is not available to radiologists before finishing the report.
Thus, radiologists benefit from seamless quality assurance and interact with the AI only when an
issue with the report is discovered, avoiding another layer of work for every X-ray.

5 Discussion
This study offers a unique perspective on radiology work practices and AI opportunities in two
diverse countries. HCI researchers suggest that such joint focus on commonalities is necessary to
balance the northern narrative in technology design, minimise biases and ‘enable translation across
geographies’ of clinical AI-based systems [55, 73]. If not addressed, sociotechnical and political
differences both within and between Global North and Global South countries impact the design
and successful use of clinical IT systems [55, 90, 92, 139].

In this study, we contribute to the translational and bridging line of work. We investigated the
feasibility of designing AI-based systems that effectively support radiologists across contexts, and
not only respond to the practical challenges faced in the Global North. This is why we studied chest
X-ray practices across nine clinical settings in Denmark and Kenya and focused on the relationship
between practice and visions for AI support. Our findings point towards designing more useful
AI-based systems that transcend national borders.

We found that radiologists’ practices were similar across medical sites of the same type, regardless
of the country, which may be due to the comparable medical education, shared biomedical model
of medicine, scientific constructs and medical ethics in the undeniably technology-dependent field
of radiology. Moreover, we show how these practices are more collaborative than expected and
possess unique human contributions. We also detailed how local and contextual aspects of radiology
work shape visions of AI support. These findings have implications not only for AI in radiology
but also for HCI and the design of HCAI.

Taking a few steps back and looking beyond the practice, we did observe socio-economic differ-
ences between clinical sites across the two countries. For example, we noted differences between
the types of healthcare systems, available IT infrastructure and prevalent medical conditions, which
may cause diverse challenges to AI adoption across countries in the Global North and Global South
[152] (see, e.g., the impact of socio-environmental factors in a study by Beede et al. [15]). However,
their influence on concrete AI implementations should be further assessed, as this study focuses
on uncovering valuable support for shared chest X-ray practices, motivated by the low clinical
usefulness of hitherto radiological systems [122, 132]. Finally, we discuss these lessons and share
reflections on what this means for designing clinically useful AI.

ACM Transactions on Computer-Human Interaction, Vol. 32, No. 2, Article 20. Publication date: April 2025.



Towards Clinically Useful AI 20:25

5.1 Practice-Grounded Envisioning of AI Futures: Searching for New Design
Opportunities

Previous HCI studies revealed a disconnect between the functionality provided by AI-based systems
and the functionality needed in clinical settings [56, 58, 98]. This suggests gaps in understanding
the problems and needs of clinical end-users before considering AI-based solutions. To bridge this
gap, researchers in the HCI community are increasingly voicing their concerns and advocating for
an AI-paradigm change going from technology-centric to human-centric [8, 20, 107, 118, 119, 140,
150]. Results presented in this study adopt a human practice-centric perspective on AI support. We
have demonstrated the potential to uncover new ways for AI support that align more closely with
the needs and wishes of clinical end-users.

HCI researchers should envision AI functionality through engagement with real-world practices
rather than merely following the trajectory of AI development. Engaging communities of practice
before the development of AI systems is critical [58, 84, 123, 131], as once completed, AI model
capabilities often dictate the final system’s capabilities and, due to the high cost of the data and
model work, they are unlikely to change [5, 152]. We advocate for a paradigm shift where clinical
support opportunities arise from the practice, and not from retro-fitting already conceived AI models
born out of access to data or external pressures to adopt AI. Practice-grounded envisioning of AI
futures can reveal new ways these systems can support practitioners. Thanks to such engagements,
in this study, we revealed opportunities for support in the complex, nuanced radiological workflows
and collaborative dynamics inherent in clinical practices.

We also caution that enacting these opportunities in real-life projects may not be as straightfor-
ward. Critical aspects of such projects that shape the subsequent work and thus future systems,
like regulatory approvals or data access, often need to be attended to prior to any development
work. This was the case in our project, where the type and amount of data we could access were
predetermined in the project description finalised before this study [151]. As a result, while we
explored a broad range of visions addressing diverse challenges of chest X-ray practice, not all of the
ideas can be incorporated into our future system. Addressing this challenge requires more profound
changes to how we think about clinical AI innovation and joint efforts from legal, healthcare and
computer science stakeholders.

However, as AI continues to increase its presence in healthcare, the first step is to shift the
driving force behind AI development—from a technological opportunity to a desirable vision of
the future rooted in the local sociotechnical context (local practices, hospital settings, expertise of
clinical end-users).

5.2 New Design Opportunities for Clinically Useful AI in Radiology
The current understanding of handling chest X-rays has centred around an individual radiologist’s
interpretation work. This is reflected by hitherto AI-based support systems that have so far been
aiming at supporting the interpretation and detection of findings on X-rays, also referred to as
second opinion [33, 63, 67, 104, 138]. However, the clinical use of such systems in radiology remains
low [46, 112, 137]. Research points out that one of the main reasons for the failure of AI in radiology
is the ‘uncertain added value for clinical practice of AI applications’ [122].

The extent of visions for AI presented in this study brings attention to the importance of
broadening the design space to include all three stages of chest X-ray practice, transcending the
narrow potential of AI-based second opinion.This conceptual contribution is not merely speculative;
it is grounded in the insights of radiologists who advocate for a pragmatic shift towards support
mechanisms that enhance their professional expertise, as opposed to replacing them with models
simplifying their practice [72, 76, 129, 143]. Our contribution lies in highlighting new directions

ACM Transactions on Computer-Human Interaction, Vol. 32, No. 2, Article 20. Publication date: April 2025.



20:26 H. D. Zając et al.

for designing clinically useful AI in radiology and recommending improvements in how AI can
support radiology work.

AI support has to account for the subtle collaborative practices in chest X-ray practice. We showed
the collaboration between radiologists and other actors involved in the treatment process of
patients. Fridell et al. previously argued that radiologists are active partners to clinicians in the
diagnostic process [41]. We further expand the understanding of radiologist work by describing the
subtle collaboration often mediated through various artefacts, such as referrals, urgency attributes
and other data associated with X-rays. These findings contrast the dominant understanding of
radiological practice, which, based on current AI-based systems offerings, focuses on the visual
detection of findings on radiological examinations almost out of clinical context. We argue that
to support radiologists in their practice, designers and developers of AI-based systems have to be
aware of the, in fact, collaborative work practices. To truly contribute to radiologist work and have
a positive effect on patient care, future AI-based systems must account for the already existing
practices rather than ignore them, as these practices enable radiologists to work and support the
best clinical outcomes for patients.

Meaningful AI support should not simplify the practice to one-dimensional finding detection. Our
study foregrounded the human aspect and the range of tasks in radiologists’ practice. Previously,
Pesapane et al. highlighted, among others, educating students, communicating diagnoses and
performing interventional procedures [96]. We add to this tasks related to handling medical images,
e.g., drawing from various data sources to understand patient situations, anticipating ordering
clinicians’ questions and framing reports to contribute to clinicians’ decision-making processes.
These tasks are radiologists’ contributions to the diagnostic process beyond the sole identification
of findings on examinations. They require empathy, analysis of multimodal data and complex
reasoning. To be able to contribute to radiological practice, designers and developers alike should be
aware of the complexity of radiologists’ work and take them into account when designing support
functionalities.

One of the ways these two points could be achieved is deeper integration with adjacent systems
and greater utilisation ofmultimodal medical data. Researchers have already taken steps to assess the
feasibility and opportunities behind such systems [2, 79]. By combining data from various sources,
AI could expand the provided support from one-dimensional task detection to, e.g., suggesting
diagnoses most relevant in the context of a patient or drafting reports suitable to the recipient’s
expectations (inspired by the work by Yildirim et al. [147]). However, the amount of available
clinical data grow constantly and knowledge of which data is relevant, and in which context is
critical. We believe that using our detailed accounts of chest X-ray practice could help future
projects determine which clinical data to focus on and guide its utilisation by multimodal AI-based
systems.

To provide useful second opinions, AI needs to limit additional work needed to use it by adjusting to
local conditions. Our findings do not negate the premise of supporting image interpretation. We
argue that AI, as a second opinion, should be configurable to the local conditions, including the
type of clinic, radiologist expertise, current workload and patient characteristics, to reduce the
additional work required to benefit from the predictions. Our participants stressed the difficulty
and subjectivity of interpreting chest X-rays, in line with previous research—the disagreement
rates among radiologists on chest radiograph interpretations reach as high as 30% [37]. However,
providing a second opinion on every examination based on an arbitrary set of pathologies, as
experienced by some of our participants, resulted in a significant overhead. We know that the
mental and temporal cost of discerning false-positive AI predictions may result in the failure of
AI in clinical practice [11, 14, 81, 130]. This is critical in radiology where staff shortages and the
increasing number of examinations result in reduced time available per examination, stress and
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overburdening [45, 105]. Thus, to provide a clinically useful second opinion, radiologists must be
able to configure AI to reduce the additional work and spend their time on predictions relevant to
their practice. We suggest that such configuration should be thoughtfully designed to address the
social dependencies of radiology work [153].

AI support for radiology can transcend second-opinion. In this study, we explored the space of AI
support thought clinically useful by radiologists. By contextualising chest X-ray practice within
the broader diagnostic process, encompassing all its interdependencies, we uncovered several new
opportunities for AI assistance. Particularly, we point to the selection and reporting stages as
promising domains for AI designers and developers. Within these stages, radiologists envisioned
AI to provide a much-needed overview of urgent cases, optimise case distribution based on the
current clinic workload or double-check reports. Interestingly, none of the AI-based systems
encountered by participating radiologists explored these practical tasks. However, promising work
on providing alternative support has been conducted. For instance, Saßmannshausen et al. [111]
conducted a human-centred design process and proposed new ways of supporting radiologists
in prostate cancer diagnosis. Particularly, similarly to this study, they foregrounded the need to
address the multidisciplinary collaboration and communication of radiologists and automation of
the manual and repetitive tasks. This underscores the need for diverse support approaches, as the
role of radiologists extends beyond pathology detection in medical images [96]. Our study offers a
comprehensive account of radiological practice across diverse clinical settings that can serve as a
starting point for future AI projects.

5.3 Clinically Useful AI Requires Configurable and Flexible AI
AI accuracy has historically been the main measure for evaluating the usefulness of AI systems in
healthcare [77, 114, 133]. Achieving high AI accuracy has been the ethos of what entails a ‘good’
AI model, resulting in the pursuit of getting technology ‘right’ before anything else. However,
technical excellence does not guarantee a positive impact on patient outcomes or the work of
healthcare professionals [122, 138]. Researchers from both HCI and Health point out that technical
excellence rarely translates directly to clinical usefulness [18, 27, 56].

5.3.1 Clinic Type and End-User Expertise Condition AI Support. Different types of clinical sites
demand different types of AI support. This study revealed unexpected parallels in radiology work
between Denmark and Kenya. However, while radiology work exhibited general similarities across
the two countries, nuanced yet important differences appeared when comparing the work across
types of medical sites. For example, in specialised hospitals in both Denmark and Kenya, X-ray work
lists were created based on the hospital departments and according to medical specialisation, which
stood in stark contrast to small general hospitals, where there was usually only one work list. These
organisational differences affected the opportunities with AI for each medical site. For instance,
the AI-based distribution of examinations by expertise was only envisioned in medical facilities
with diversity among the employed radiologists. Similarly, differences in available resources in
the radiology department were reflected in the envisioned AI support. In smaller clinical sites
(D2, D4, D2, K3, K4) with a shortage of radiology staff, obtaining a second opinion was harder,
which deemed visions for AI-based interpretation support more desirable. This suggests that the
characteristics of the organisational context are important to consider when designing AI support
in radiology. It highlights that different types of medical sites require different types of AI support.

Besides organisational differences, we also found that differences in radiologists’ expertise may
condition specific user requirements for AI. For example, radiologists relied on their experience
with similar cases to accurately interpret the findings on visually complex X-rays where shadows
of different conditions looked the same. On the other hand, junior radiologists undergoing training
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relied on collaboration with senior radiologists, especially when examinations were difficult to
interpret. This suggests that end-users’ level of expertise is a deciding factor with regard to which
type of AI is considered useful, which has several implications for the design and development of
AI in radiology.

Clinician-facing AI needs to be configurable to the clinic and end-user. It is common knowledge,
both in academia and in the software industry, that favourable outcomes can be attributed to the
configurability of clinical information systems [47, 78]. While designing for system configurability
and tailorability is somewhat old news for HCI, it has yet to become part of the discourse on
designing clinically useful AI. Emerging HCI studies investigating clinical AI indicate this direc-
tion. Researchers emphasise the significance of poor workflow integration, highlighting its equal
importance alongside the well-known challenge of establishing trust by means of transparency
and explainability [23, 56, 135]. Verma et al. [134] ascribe the limited impact of AI in medical
practice to the poor connection between AI capabilities and clinical workflows. They argue for
the importance of diverging from the existing ‘one-size-fits-all’ paradigm within HCAI discourses.
Similarly, Wang et al. [135] report on tensions with the design of AI-based clinical decision-support
systems in a rural clinical context and stress the reason being the misalignment with local context
and workflow. Solutions to workflow integration problems with clinical AI have revolved around
human-AI interaction, with extensive work on guidelines present (see, e.g., [6]) but also suggestions
of creating multi-user systems and designing for time-constraint medical environments have been
proposed [56].

When reflecting on the results of this study, we suggest that designers need to look beyond
the interaction components of the interface. Specifically, there is a need to carefully consider how
to make clinical AI systems configurable so that the set of AI features corresponds to the local
needs of the medical site, the expertise of the end-users or the division of work and the number
of medical staff. For example, this study showed how contextual medical emergencies are, i.e.,
different radiological findings may constitute emergencies in different contexts. We recommend
that configuring the meaning of ‘emergency’ to fit local contexts would enhance the usefulness
of AI-based prioritisation systems across various clinical sites, for example, the system evaluated
by Baltruschat et al. [12]. As an immediate continuation of this recommendation, we conducted a
follow-up study on the topic of AI configuration in relation to the social aspects of practice like
clinic type, expertise of end-users, situation, patient context and medical knowledge [153]. We
built on our understanding of chest X-ray practice and suggested how to configure four technical
dimensions (AI functionality, AI medical focus, AI explainability and AI decision threshold) of
radiological AI to ensure a better fit between human competencies and the capabilities of AI.

5.3.2 Situational Circumstances and Patient Context Influence Requirements for AI. Finally,
radiologists rooted their visions for AI support in concrete situations and challenges from their
local practice. For example, in time-limited situations where radiologists were ‘in a hurry’, the
demand increased for AI that double-checks the radiographs for subtle findings or screens a list
of examinations for medical emergencies that should be treated before the end of a radiologist’s
shift. Similarly, the type of welcomed support depended on the patient context, e.g., notifying
radiologists about the detection of air in the abdomen may be a crucial safety feature when dealing
with outpatients and a superfluous hindrance when applied to patients from a surgical ward. This
means that radiologists’ needs for AI are not constant; rather, they may change over time according
to the situational circumstances and patient context.

Designing flexible AI is critical for ensuring clinical relevance. Bossen and Pine [23] have similarly
found that AI being ‘flexible’ is an important factor for the successful use of AI in healthcare contexts.
In their study of a NLP-based tool in the wild, they found that AI’s utility was derived from its
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ability to act as an imperfect assistant that could be appropriated in use to fit particularly well
with individual needs. While the timing of AI is important, i.e., it should be available when needed,
HCI researchers suggest interactive machine learning as a way to make AI more useful for ‘in-the-
moment diagnostic needs’ [26]. Cai et al. [26] provide important design recommendations for ways
to improve AI’s clinical relevance by enabling pathologists to interact with the AI tool in ways that fit
with the particular cases. In both studies, it is clearly demonstrated how erroneous and imperfect AI
algorithms can be made more clinically useful if designed for flexible use accommodating the needs
of the situation. In light of these findings, we advise researchers and designers of clinician-facing
AI to identify situational requirements and design for the appropriation of AI during use.

6 Conclusions
In this article, we present findings from a field study of chest X-ray practices in nine medical sites in
Denmark and Kenya, aimed at informing innovation of clinically useful AI support for radiologists.

We presented how chest X-ray practice depends mostly on the type of clinical site and not the
country in which the site is located. In other words, from the perspective of visions for AI support,
the practice was more similar between two clinical sites of the same type that were located in
Denmark and Kenya than between two clinical sites of different types located in the same country.

Next, we showed how radiology work was more collaborative than anticipated by being part of
the overall diagnostic work. Moreover, the unique human contributions of radiologists surfaced as
important yet often omitted when designing AI-based systems for chest X-rays.

These findings offer foundational insights into the design of AI support for radiologists. We
use them to argue for expanding the space of AI in radiology, particularly to include AI-based
distribution of examinations, measurements of visual features, assessments of historical changes,
and report quality assurance. These visions transcend the traditional second-opinion systems and
suggest that more opportunities for AI support that target other stages than interpretation should
be explored. Rather than reacting to the trajectory of AI development, HCI researchers should
shape AI innovation by facilitating future envisioning with domain experts in real-world practices.

Finally, we argued that the clinical usefulness of AI-based systems depends on their configurability
and flexibility with regard to the type of clinical site, expertise of healthcare professionals, and
situational and patient context. These reflections have implications for the design of clinician-facing
AI and suggest new directions for future research on HCAI in health.
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