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Abstract

Artificial intelligence (Al) is widely portrayed as a transformative innovation poised to revolutionise
healthcare in the 21st century. Promoted by technology companies, this forward-looking narrative is
often adopted uncritically by decision-makers, despite limited evidence of Al’s clinical effectiveness
in real-world contexts and the persistence of numerous regulatory, professional, organisational,
ethical, and governance challenges. In healthcare systems characterised by pluralism and complexity,
the trajectory of Al is shaped by the strategic decisions and actions of diverse stakeholders who
mobilise their social, political, and economic power and resources to influence dominant narratives
about Al and to advance specific visions of the future of healthcare. This paper critically examines
such influences by specifically focusing on how market imperatives, algorithmic logic, and the
entrenched marginalisation of certain populations impact technology development and care
delivery. It aims to investigate how particular actors and power dynamics affect Al research,
commercialisation, and sustainable integration into healthcare systems. Because Al can reinforce and
deepen existing power imbalances and inequalities, this paper calls for public policies grounded in
social justice, fairness, and the public interest. These policies should aim to mitigate systemic harms
and promote equity in healthcare.

Keywords: artificial intelligence; healthcare systems; algorithmic governance; technology industry;
social justice; health equity; sociotechnical imaginaries; power relations; structural inequalities

Introduction

“It is essential to keep pushing questions (...) from the abstract ‘What?’ to the socially concrete ‘Says who'?”
(1]

While artificial intelligence (AI) is expected to revolutionise 21st-century healthcare systems [2—
9], this enthusiasm is largely fuelled by a futuristic narrative shaped by commercial and industry
actors and often adopted as such by healthcare decision-makers [6,10-13]. As a result, healthcare
systems are being urged to integrate Al technologies, even as evidence of genuine clinical and/or
social added value remains limited and numerous regulatory, professional, organisational, ethical,
and governance issues remain unaddressed [5,14-16]. Because healthcare systems are inherently
pluralistic and complex, the technical development and clinical implementation of AI healthcare
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technologies are largely moulded and driven by social, political, and economic influences wielded by
various stakeholders, each with their own particular visions, expectations, objectives, and agendas
for the technology (e.g., governments and public authorities, healthcare organisations, technology
firms, investors and market actors, academic researchers, healthcare professionals, patients, civil
society) [12,17-23]. Consequently, Al is not merely a “black box” system of hardware and software
executing a number of functions. It is also “the expression of a social world” [24] and these “potent socio-
political forces that steer the trajectory of the development of technology [are] unevenly distributed across
society” [22].

In parallel with technical efforts to develop “white box” Al (e.g., explainability and transparency
of algorithms), scholars are also shedding light on the complex social, political, and economic forces
underpinning Al production and the networks of actors who actively shape the trajectories of its
development and impacts [22,25,26]. In an effort to contribute to this critical work, this paper explores
and analyses how market imperatives, algorithmic rationality, and the entrenched marginalisation of
certain populations impact which Al healthcare technologies are developed, what kind of care they
deliver, and who is cared for. It specifically seeks to investigate how particular actors and power
dynamics affect Al research, commercialisation, and sustainable integration into healthcare systems.

Market Imperatives
Shaping Al Research in Healthcare

When Al technologies are researched and developed in a healthcare system context, tensions
may arise between healthcare systems’ duty of care to patients and companies’ financial
responsibilities to their shareholders [26-31]. As a result, certain industry actors may seek to shape
what is known about their Al technologies and influence decision-making processes related to their
approval, procurement, and integration within healthcare systems.

For instance, Hilton et al. (2024) reported that “Al companies possess substantial non-public
information about the capabilities and limitations of their systems, the adequacy of their protective measures,
and the risk levels of different kinds of harm. However, they currently have only weak obligations to share some
of this information with governments, and none with civil society. We do not think they can all be relied upon
to share it voluntarily” [32]. The current lack of strong legal and regulatory obligations to share clinical
safety, effectiveness, and efficacy information allow some Al companies to exert control over what is
known about their technologies [33]. They implement these restrictions by adopting deployment
strategies and setting conditions that limit independent and transparent assessments of their
technologies’ actual performance, limitations, and security risks [26,31,33-35]. This control is
maintained not only through comprehensive confidentiality agreements that prevent employees and
contractors from disclosing information about potential risks or malfunctions, but also through
public-private partnerships (e.g., collaborations between companies and public hospitals) that are
frequently framed as mutually beneficial mechanisms for aligning innovation with healthcare system
priorities and needs [27,28,31-33,35]. Previous research on such partnerships has shown that some
Al companies exert tight control over the findings researchers are allowed to publish [33]. In Alami
et al. (2025), a clinician-researcher observed that “the founders of private companies are accountable to the
people who finance them. (...) Doctors are accountable to their patients: ethics. So, there’s a clash. [If] the
technology doesn’t work as expected, the academic researcher is going to publish, to say so and to express
reservations/concerns. But the company is going to oppose it. (...) It’s crazy, because there’s a clause in the
contract that says: ‘right of first refusal’. So, you can no longer publish your academic results” [33]. In such
arrangements, companies retain veto power over disclosures concerning the risks and limitations of
their technologies [6,26,33,34]. Consequently, only “accredited experts” are authorised to communicate
performance-related information [14,34].

This information asymmetry leaves independent researchers with limited room for manoeuvre,
capacity, and resources to conduct oversight and audits, or to propose alternative technologies better
aligned with healthcare-system priorities and needs [26,31,34-37]. As a result, users (e.g., patients,
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clinicians) and healthcare systems must rely on vendors’ assurances and accept the level of risk that
companies deem reasonable [6,38]. This dependency materially constrains their decision-making and
limits their ability to respond effectively to incidents such as data breaches, security failures, or
software malfunctions [6,27,28,34,35,39]. While such an operational model may have minimal
consequences in other domains (e.g., algorithmic recommendations on streaming platforms [40]),
errors in Al systems used in healthcare can have serious, and potentially fatal, consequences for many
individuals [5,14,27,32,34,36,38].

This control over information on Al performance is commonly framed as necessary to protect
trade secrets and preserve competitive advantage. It may enable some companies to increase market
share, attract investment, accelerate development, and deliver shareholder returns [26,31,35,41,42].
By contrast, although healthcare systems are bound by a duty of care to patients, Al firms appear to
be subject primarily to legal requirements concerning safety and data protection, with no equivalent
professional or ethical obligations toward patients or healthcare providers [6,33,43-45]. In this
context, it is unlikely that patients’ needs and the long-term sustainability of the healthcare system
will consistently be prioritised over financial objectives (e.g., exit strategies) [6,13,26,33,43,44,46-48].

Shaping the Sociotechnical Imaginaries Around Al

In addition to controlling information about their technologies, many Al companies deploy
public-relations campaigns to shape public discourse and reinforce brand image [49-54].
Westerstrand et al. (2024) noted that “discourse around emerging technologies is a prerequisite for the spread
of innovation and can thus be seen as constructive of technology. Therefore, what kind of discourse we produce
affects the direction which [the] technology development is heading. Besides dictating the contents of the
discourse, gaining control over who gets to talk, when, where and how” [55,56]. As mistrust and criticism
grow, industry and financial actors seek to shape more positive narratives by reframing public
conversations about Al [51-56,59,60]. In the absence of public confidence, the sector’s ability to
market its products would be jeopardised [57-59].

By emphasising research findings that support the safety, effectiveness, and efficacy of their
technologies, companies promote the view that benefits outweigh costs and risks and that rapid
deployment is necessary to realise the promised value. Because “there is no time to waste” [60], this
selective use of evidence fuels a storyline in which Al appears not only desirable but also
indispensable for addressing an imminent “care shortage” [61-63]. By continually steering the
discourse and promoting this vision, the industry cultivates a sense of Al’s inevitability [59,64]. This
perceived inevitability marginalises alternative solutions and locks healthcare systems into specific
technological trajectories presented as unavoidable [59,62,64,65]. Such rhetoric increases the
likelihood that the projected future will materialise. By amplifying Al's promises [59,64],
sociotechnical imaginaries persuade stakeholders, especially governments, to expand investment
and align priorities with industrial interests [64].

Sloane et al. (2021) stressed that the narrative trap embedded in dominant AI discourse channels
collective imagination along predetermined paths while marginalising alternative viewpoints [66].
When control over Al development remains concentrated within industry, its trajectory tends to
follow market-driven logics. As Hart (2001) noted, “no market will ever shift corporate investment from
where it is most profitable to where it is most needed” [67]. This dynamic contributes to the further
financialisation and commodification of care, potentially reducing quality, undermining the public
good, and reinforcing the notion that some lives hold greater value than others [68,69].

In this vein, some political and economic actors argued that economic growth should take
precedence over individual rights [70,71]. According to Germani (2023), the main challenge lies not
in the technology itself, but in the fact that “it is the same people that today seek to privatise care, impose
austerity, and defund research” who are now shaping its future in healthcare systems [68]. In the same
vein, certain decision-makers and financial actors actively sustain the narrative and imaginary that
industrial and technological policies no longer exist in the neoliberal era [72]. However, such policies
clearly persist, albeit in reconfigured forms. They have been redesigned to reinforce the private sector,
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promote private substitutes for public services, and consolidate corporate influence over healthcare
investment outcomes [72].

This narrative closure also deepens hermeneutical injustice by depriving marginalised groups
of the interpretive resources, both individual and collective, needed to articulate and make sense of
their social and symbolic experiences with Al [38,46,73,74]. Victims of this hermeneutical
marginalisation, these populations are excluded from the processes that define key concepts, and
therefore cannot fully grasp or articulate how AI affects their lives [73]. Like many medical
technologies, Al is not only designed to “produce health” (e.g., diagnosing or treating disease), but also
functions as an artefact that shapes and structures the very understanding of what constitutes
“health” [38,75]. It also influences how healthcare systems address the social and systemic
determinants affecting the health of individuals and groups [38,75]. As Hoff (2023) pointed out,
“although the corporate actors that articulate these imaginaries do not have any democratic legitimacy, they
influence how sociotechnical futures are imagined and eventually how citizens define notions such as health,
quality of care and a healthy body” [61].

Algorithmic Rationality

The development of Al technologies in healthcare tends to concentrate on a narrow set of clinical
domains, particularly those involving image analysis or signal quantification (e.g., radiology,
dermatology, cardiology) [6,13,46]. These areas are more amenable to standardisation and
quantification, making them especially attractive to companies seeking rapid access to healthcare
markets [6,13,46]. Promoters of these technologies frequently emphasise the capacity of algorithms
to deliver precise, personalised, and rational decisions through their ability to “measure, classify, and
calculate” in order to produce predictable outcomes [46,77]. This emphasis reflects a broader logic
linked to the biopoliticisation of life, where populations are primarily understood through statistical
measures and indicators [46,78-80]. In this perspective, life is reduced to data that can be modelled
and optimised by algorithms. Individuals are increasingly defined by standardised quantitative
metrics and treated as subjects to be managed, rather than as holders of social and political rights, as
well as agency [46,78-81]. Briggs (2016) referred to this as “the fetishisation of statistical measures, images,
and means of converting [genetic, biological and physiological] samples into information as privileged sources
of evidence” [82]. This approach privileges technical and computational forms of knowledge, often at
the expense of lived experience, structural conditions, and the relational dimensions of care [46,78—
80].

Reducing human bodies to quantifiable biological parameters and simplifying complex social
realities into measurable indicators may have far-reaching implications for healthcare systems [46].
Although developers and advocates claim that Al can account for population complexity, they often
do so through a narrow mathematical lens [83]. Concepts such as equity and discrimination are
frequently reduced to statistical indicators or superficial compliance exercises [84,85]. In this
algorithmic framework, social interactions and intersubjective relationships are no longer seen as
necessary to describe or conceptualise, since outcomes are presumed to have already been modelled
from the data traces individuals leave behind [46,77]. This process, referred to as “epistemological
flattening”, reduces rich and situated social realities to supposedly neutral and clean signals, which
are then used to support what is presented as “objective decision-making”. Unlike traditional research
paradigms that require scholars to articulate hypotheses and clarify their theoretical foundations,
algorithmic reasoning often operates without an explicit epistemological position [86]. As Amoore
(2020) pointed out, “though this arrangement of probabilities contains within it a multiplicity of doubts in
the model, the algorithm nonetheless condenses this multiplicity to a single output. A decision beyond doubt”
[87,88]. These simplifications help normalise the idea that generalisation, even at the expense of
nuance and contextual specificity, is an essential component of Al in healthcare. This reflects what
Campolo and Crawford (2020) called “enchanted determinism”, a discourse that promotes the image
of superhuman accuracy and insight, while simultaneously emphasising the inability to fully
understand or explain how Al outcomes and decisions are produced [86].
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Additionally, the widespread use of the term “bias” in Al research and discourse often dilutes
or obscures other critical notions such as prejudice, injustice, discrimination, segregation, sexism,
racism, and ageism. This dilution risks disconnecting these concepts from the lived experiences of
individuals and communities, particularly their relationships to health and illness [66]. As a result,
structural inequalities are frequently reframed as technical or logistical challenges inherent to
technology, rather than recognised as systemic problems. Such an algorithmic framing shifts
attention away from the deeper structural roots of inequality, including power relations, systemic
injustices, and the socio-political and ideological forces that shape people’s health trajectories and
lived realities. For instance, when biases or errors in Al systems affect ethnic or cultural minorities,
they are often attributed to a lack of representative data rather than recognised as manifestations of
the historical and ongoing marginalisation and invisibilisation of these populations. In this context,
it is important to recall that Al systems in healthcare are partly rooted in the biomedical tradition.
They extend pre-1980s practices in which evidence-based medicine, largely shaped by clinical trials,
commonly assumed that treatments effective for White adult male populations would be equally
effective for all individuals regardless of gender, age or ethnicity [76]. Grounded in hierarchical
knowledge systems, these technologies tend to reproduce existing forms of social stratification (e.g.,
ethnicity, gender, age), and reflect the values and assumptions embedded in the institutional contexts
in which they are developed [83,89]. They do so by superimposing the biological stratification
encoded in data onto already established social hierarchies [46,68]. In practice, this contributes to a
form of biomedical citizenship in which individuals and/or groups who meet the dominant measures
and indicators are recognised as “sanitary citizens”, while others are implicitly relegated to the status
of “unsanitary subjects” [76].

Entrenched Marginalisation of Certain Populations

Individuals and/or groups classified as “unsanitary subjects” or “reasonable risk” are often the
same populations that have historically been regarded as not counting in the same way as others.
Consequently, they are at risk of (once again) becoming experimental subjects for technologies
conceived and developed elsewhere, or “victims of undone or un-doable science” [38]. These people are
also systematically excluded from the arenas in which symbolic capital is accumulated, as well as
from the processes through which knowledge about the promises and risks of Al in healthcare is
produced and circulated [76].

To paraphrase Briggs (2005), the linguistic ideologies underpinning the promises and risks of Al
in healthcare help to define who will and who will not benefit from its promise of value [76]. The
language “naturally” distinguishes citizens who stand to gain from the technology (e.g., those with
the “right indicators and parameters”, “right colour”, “right gender/sex”, “right age”, “right
language” or “right socioeconomic profile”) from those who do not. This discourse fuels imaginaries
and communication processes that create categories, subjectivities, social relations, and hierarchical
positions that ultimately determine who will benefit from Al healthcare technologies and who will
be deemed “acceptable errors and accidents”, framed as “reasonable risks”, to enable a larger segment of
the population to benefit from the promises of the technology [14,38,76].

According to Rafanelli (2022), “if already-privileged people are disproportionately represented among
the creators of Al systems, and if their experiences are disproportionately represented in the data used to train
them, one could even argue that Al will reinforce existing unjust hierarchies” [74]. In this context, the
broader system of Al research and knowledge dissemination implicitly defines who is considered
“more human” and raises the fundamental question of “who science is designed to serve or save” [90]. Tat
et al. (2020) reported that “if the algorithm was designed to optimise hospital resources, high-income White
patients might be selected to receive the majority of hospital resources, further deepening the divide in access to
care for minority and underserved groups” [91]. For instance, according to a study in Switzerland, among
patients presenting with chest pain, men are 2.5 times as likely as women to be referred to a
cardiologist [91,92]. Similarly, according to a systematic review and meta-analysis conducted in the
United States (USA), Black patients presenting to emergency departments are 40% less likely than
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White patients to receive analgesics [91,93]. These disparities have been attributed, in part, to the
underrepresentation of these populations in cardiology research and to concerns that much of current
evidence-based medicine may not apply to them [91,94]. Moreover, another study found that, even
after controlling for socioeconomic status and health insurance coverage, Black and Latino patients
received lower quality medical care than White patients [95,96]. Obermeyer and Topol (2021) also
report that a widely used classification system for diagnosing knee osteoarthritis was originally
developed using data from coal miners, predominantly White men, in the United Kingdom during
the 1950s [97]. Such historical and structural biases may be embedded in the datasets used to train Al
systems, which could perpetuate and, in some cases, intensify existing health disparities and
discriminatory practices [91,98]. In this regard, the large-scale deployment of these technologies in
populations for whom their effectiveness has not been rigorously validated raises important ethical
and clinical concerns [99]. For example, one study found that a widely used Al system exhibited
significant racial bias: the algorithm systematically assigned higher risk scores to White patients,
leading to their more frequent selection for additional care, despite Black patients having similar or
greater health needs [91,100]. Similarly, Nordling et al. (2019) reported that an Al system used postal
codes as a predictive variable for prolonged hospital stays, introducing systemic bias by
disproportionately associating certain low income and predominantly Black neighbourhoods with
higher risk, which in turn led to unequal treatment recommendations [91,101].

This aligns with Briggs (2005) who argued that “the centralisation of statistics in the Euro-American
metropole is characterised by an ironic circularity: the more these artifacts declare their transparency and
objectivity, the more they become bearers of fragmented histories that speak of global inequalities of race, gender,
class, and nation (...), constructing individuals, populations, and nations as producers, disseminators, or
receivers of biomedical information—or as ignorant bystanders” [76]. In other words, the assumption that
Al is autonomous, apolitical, neutral, or objective, and somehow independent of the cultural, socio-
political, and economic contexts in which it is developed, obscures the complex processes of
(de)contextualisation that shape its production and deployment. It also disregards the historical
forces and institutional structures that condition its integration into healthcare systems [76].
Furthermore, this perspective tends to ignore, intentionally or not, that many health problems
experienced by populations are not primarily biomedical in nature. Rather, they are the outcomes of
deeply entrenched structural violence and systemic injustices that deprive communities and people
of their socio-political rights and basic material conditions necessary for well-being. These include,
but are not limited to, substandard housing, inadequate access to transportation, limited educational
opportunities, environmental pollution, and poor food environments such as food deserts or food
swamps [46,102].

Conclusions

This paper has examined several key social, political, and economic influences shaping both the
vision and the trajectories of Al technologies within healthcare systems. By shedding light on the
market imperatives, algorithmic rationality, and marginalisation of certain populations currently
underpinning the development and implementation of Al technologies in healthcare systems, it
argued that deconstructing these dimensions is essential to understanding the complex and
unprecedent transformations that Al introduces within healthcare. These systems often reproduce
entrenched dynamics that have historically shaped the development of medicine, technology, and
institutional authority, while simultaneously reinforcing the marginalisation and invisibilisation of
certain population groups. Given the potential of Al to deepen existing power imbalances and social
inequalities, this paper calls for public policies that are grounded in the principles of social justice,
fairness, and the public interest. Such policies should seek to mitigate systemic harms while fostering
more equitable healthcare outcomes for all.
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