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Abstract
Application of Artificial Intelligence (AI) in healthcare is growing exponentially, and its 
use is expected to continue expanding in the coming years. However, lack of trust in AI 
systems remains a significant barrier to their widespread adoption. This article analyzes 
the problem of trust, its various features and its application in AI-mediated healthcare. 
We first review the literature on trust and trust in technology to detect which theoretical 
constructs are essential to trust. We then identify the factors that we consider fundamental 
for a rich and complex comprehension of trust in AI-mediated healthcare. We finally pro-
pose a trust-factor framework that could be used for empirical research on AI-mediated 
healthcare and its practical implementation.

Keywords  Artificial intelligence · Healthcare · Trust · Ethics · Bioethics · Medical 
ethics

1  Introduction

One of the most profound developments of our time is the widespread adoption of artifi-
cial intelligence (AI) across all sectors of society (Maslej et al. 2024). The recent develop-
ment of generative AI has only accelerated and deepened this repercussion (Sim and Cassel 
2024). The impact is especially swift and noticeable in healthcare, where AI has the poten-
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tial to revolutionize diagnostics, treatment planning, and patient care, boosting efficiency 
and accuracy (Nittas et al. 2023). Yet, this rapid integration also introduces significant risks 
and challenges, given the sensitive nature of healthcare.

AI in healthcare has the potential to completely transform patient care and clinical deci-
sion-making (Asan et al. 2020, 2). AI technologies in healthcare can help with diagnostic, 
prognostic, and therapeutic decision support (Xing, Giger and Min, 2021). Notable exam-
ples include AI systems for medical imaging in medical specialties such as radiology, der-
matology, ophthalmology, cardiology, and oncology. These systems make use of machine 
learning algorithms to improve the precision of diagnoses and offer individualized therapy 
suggestions. Research into healthcare AI is primarily driven by the potential to lower the 
alarmingly high rates of wastefulness and human mistake in medical practice, in addition to 
the potential elimination of laborious administrative activities and the enhancement of cost-
efficiency in medicine (Almyranti et al. 2024). The application of AI in healthcare, however, 
presents many difficulties.

For example, the implementation of AI in healthcare is fraught with ethical challenges. 
Vereschak et al. have warned that the use of AI in medicine could contribute to "compromis-
ing safety and health of individuals, discrimination, and harming human dignity" (2021, 1). 
As Sparrow and Hatherley (2019) point out, AI in medicine brings with it threats to privacy 
and the intensification of surveillance, due to the massive data collection necessary to train 
AI systems. We also have to deal with the issue of biases, which can seriously harm under-
privileged communities. The use of AI in healthcare systems has the potential to redistrib-
ute power, favoring computer scientists over conventional doctors. Additionally, excessive 
reliance on AI can introduce “single points of failure” (A Single Point of Failure -SPOF- is 
a critical system component whose failure causes the entire system to stop functioning), 
increasing the system's fragility. The growing presence of AI may dehumanize medicine, 
eroding the doctor-patient relationship, which is fundamental to care. Last but not least, the 
“black box” nature of many AI algorithms makes it difficult for healthcare professionals to 
understand and trust the system’s decisions fully.

In the face of all these dangers and problems, trust seems to have emerged as a precious 
and desired goal, as recent guidelines seem to defend (Jobin et. al., 2019). The rationale is 
clear: if we develop trust in these technologies, if we have a trustworthy AI, we will be free 
of most challenges and its use will be unimpeded. This focus on trust has given rise to the 
so-called TAI (Trustworthy AI) paradigm (Floridi 2019; Thiebes et al. 2020). This notion of 
trust and trustworthiness is presented, especially in various recently published guidelines, 
as a kind of panacea, transforming trust and trustworthiness "into an umbrella term for all 
things in general considered'good'" (Reinhardt 2023, 738). The concept of trust and trust-
worthiness—whose application to AI is, for some authors, a "notable conceptual misunder-
standing" (Hatherley 2020, 3)—thus becomes overloaded and its operability is significantly 
reduced. Moreover, the guidelines tend to focus on AI developers and providers, without 
adequately considering how end users might come to trust AI systems (Li et al. 2024, 2).

In this article we analyze the theoretical and practical problem of trust, its definition and 
its application in healthcare AI systems. In order to identify the main theoretical structures 
related to trust, we first review the literature on trust and trust in technology. We then list the 
factors that we believe are essential for a deep understanding of trust in artificial intelligence 
within the healthcare context. To conclude, we offer a trust-factor framework that may be 
applied to empirical studies on the application of AI in healthcare. Our main premise is that 
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identifying the factors that increase, reduce or more generally affect trust in AI-mediated 
healthcare will allow us to obtain a better understanding of this reality. This improved com-
prehension will consequently facilitate the design of better empirical approaches to this 
problem where we can measure and evaluate trust, ultimately serving as a basis for the 
implementation of trust-enhancing technologies and environments, as well as a foundation 
for the education of health professionals.

2  AI-mediated trust in healthcare. Theoretical background and some 
caveats

The study of the concept of trust has a long history in philosophy and academia (McLeod 
2020). Luhmann (1968) and Rotter (1967) broadly define trust as the expectation of the reli-
ability of others' promises. This initial definition already implies a basic distinction between 
what we might call the subjective pole of trust (trustor, that is, the person who trusts), the 
objective pole of trust (trustee– typically, the person or object who receives trust), and its 
relational context. Anticipating what will be our view, contrast between trustor and trustee 
must always be linked to what we will call the relational level, which has been somewhat 
narrowly thought of in the literature as “context-related factors”.

More recently, considering explicitly a technological context, trust has been understood 
as the willingness to be vulnerable to the actions of another entity, expecting it to act in a 
beneficial manner (Mayer et al. 1995). From this view, trust is the firm belief or hope in 
the reliability, truth, or competence of someone or something. However, from the outset, 
we observe how the anthropological dimension repeatedly infiltrates almost all attempts to 
define trust. This is because “trust is a fundamental human mechanism that is required to 
cope with vulnerability, uncertainty, complexity, and ambiguity” (Choung et al. 2022, 10). 
It is precisely the uncertain situation we find ourselves in today, with the emergence of AI 
and its use in sensitive areas, that leads us to repeatedly, and perhaps excessively (Reinhardt 
2023, 735–736), resort to trust as a safeguard against this situation.

An initial caveat is that trust is not inherently positive. Trust is not good in itself. As 
Reinhardt (2023, 736) points out, trust can be excessive, inappropriate, or blind, issues that 
only some guidelines manage to highlight. As Asan and colleagues also explain, “maximiz-
ing the user’s trust does not necessarily yield the best decisions from a human-AI collabo-
ration” (2020, 4), thus advocating for what they call “optimal trust” (Asan et al. 2020, 4), 
referring to a justified form of trust that is neither excessive nor deficient. In this vein, a risk 
not always highlighted in the literature is the possible “overtrust in AI systems” (Li et al. 
2024, 9). As Reinhardt concludes, it may be that “in the end what we need is not more trust 
in AI but rather institutionalized forms of distrust” (2023, 741). Distrust, precisely, can also 
be valuable and positive -even though we tend to confuse distrust with low levels of trust, 
which is a mistake (Vereschak et al. 2021, 11)- as this could involve a methodological skep-
ticism preventing catastrophic consequences arising from excessive and unjustified forms of 
trust. While it is generally true, as Hengstler et al. state, that “trust is an evolving and fragile 
phenomenon and can be destroyed much more quickly and easily than it can be created” 
(2016, 106), this does not imply that we should unconsciously and irresponsibly embrace 
the endeavor of fostering trust in AI in any manner and at any cost.
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If we delve onto the specifics, we can see that the literature tends to agree in that there 
are certain irreducible differences between interpersonal trust and trust in technological sys-
tems. Interpersonal trust can be defined as the generalized expectation regarding the reli-
ability of another person's words or promises. Trust in technology is the expectation, based 
on past interactions, that the actions of a technology are in line with one's expectations and 
advantageous to oneself (Gefen 2000). Zuboff (1988) explains that trust in a new technol-
ogy depends on trial-and-error experience, followed by an understanding of how the tech-
nology works, and finally, faith in that technology. The evolution from reflections on HCI 
(Human–Computer Interaction) and HRI (Human–Robot Interaction) to HAI (Human-AI 
Interaction) (Ueno et al. 2022) has derived in the TAM theoretical framework (technology 
acceptance model), originally developed by Davis (1989), that has been used to analyze 
the acceptance of various technologies over the past decades (Venkatesh & Davis 2000; 
McLean & Osei-Frimpong 2019). Trust in technology in the AI-mediated healthcare context 
has been already addressed by the works of Calhoun et al. (2019), Kohn et al. (2021) and 
Gillath et al. (2021).

We already have evidence that AI, used as a healthcare assistant, improves medical assis-
tance (Matheson 2019). However, we must be aware that AI is not just another medical tool. 
We are not dealing with a stethoscope or a scalpel, the context and relational dimension 
changes significantly; AI presents the possibility of undermining the practical and epistemic 
authority of humans (Sim and Cassel 2024). AI could replace humans, or at least fully 
substitute their actions and healthcare tasks (Choung et al. 2022, 11). Furthermore, AI calls 
into question the epistemic authority of human doctors (Hatherley 2020, 3). AI has demon-
strated capabilities comparable to or even superior to those of human healthcare providers 
in areas such as medical history analysis, clinical data interpretation (Davenport and Kala-
kota 2019), image-based diagnosis (Gulshan et al. 2016; Forghani et al. 2019), treatment 
plan design (Davenport and Kalakota 2019), hospital readmission prediction (Caruana et al. 
2015), virtual nursing (Peete et al. 2019), new drug discovery (Ramsundar et al. 2015), and 
selecting suitable study participants in clinical trials (Beck et al. 2020). Diagnosis, prog-
nosis, and treatment selection, fundamental tasks of the clinician according to Eric Cassell 
(2004), could be placed in the hands of AI, producing a paradigm shift with consequences 
difficult to anticipate (Topol 2019).

Trust in AI may differ from interpersonal trust in some decisive respects. For example, 
due to the lack of intentionality in AI systems. We believe trust is still possible in these 
cases when one pole of the trust-relationship cannot have intentions, but it is clear that trust 
is transformed in these situations. Trust in people is commonly defined as the willingness to 
depend on another due to the characteristics of that other, such as benevolence. However, 
this concept is less applicable to technology, because the trustee in this case lacks volition 
and moral agency. As McKnight et al. explain, “trust in people and trust in technology differ 
in terms of the nature of the object of dependence” (2011, 5), also suggesting that taking into 
account trustor’s expectations requires us to replace benevolence with helpfulness, com-
petence with functionality, and integrity with reliability. Some authors have distinguished 
certain concepts or constructs more related to human trust, such as integrity, honesty, or 
benevolence, from other concepts or constructs more related to trust in systems, such as 
reliability, functionality, or utility (Lankton et al. 2015).

This can be especially significant in the healthcare field and its relational implications. 
In this domain, trust has traditionally been considered a crucial element, both intrinsically, 
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by creating a unique bond between patient and healthcare professional, and instrumentally, 
by facilitating treatment acceptance and improving outcomes (Hatherley 2020, 1). Some 
authors specifically refer to the irreducible level of intentions by asserting that reliability is 
not sufficient to generate trust, as trust requires a belief in the goodwill and correct moti-
vations of the agent (Hatherley 2020, 3). AI systems, lacking will and motivations, could 
not truly be objects of trust. Trust in humans implies a moral responsibility that, Hatherley 
argues, cannot be transferred to machines.

Nevertheless, while trust in human-AI relations may be an improper way of speaking, the 
fact is that the inclusion of AI in healthcare affects the entire healthcare context (Sparrow et 
al., 2020). It therefore affects trust between doctors and patients (Nundy et al. 2019); trust 
between doctors, nurses, and essentially all possible combinations of healthcare profession-
als (Hall et al. 2002); trust regarding healthcare institutions and their administrative staff 
(Balkrishnan et al. 2004). In all these cases, we believe it may make more sense to speak of 
"AI-mediated trust" rather than trustworthy AI; although this cannot probably go beyond a 
theoretical warning, as the discussion around «trustworthiness» is already well established 
and therefore is not easily avoidable.

3  Trust-related constructs. Subjectual, objectual and relational 
constructs

An initial distinction can be established, from a phenomenological perspective, between 
what we might call the subjective pole of trust (trustor), the objective pole of trust (trustee), 
and its relational context. The difference between trustor and trustee consists in the differ-
ence between the person who trusts and the one person or thing in which they trust (Mayer et 
al. 1995; McKnight et al. 2011, 6). In any trust relationship, the trustor is the one who gives 
the trust, and the trustee is the one who receives it and must act accordingly to maintain it. 
However, distinctions between trustor and trustee as different poles of trust should not be 
overemphasized. Beyond this contrast between trustor and trustee, there can be considered 
what we might call a relational level, which has been somewhat narrowly thought of in 
the literature as “context-related factors”. Among these would be perceived uncertainties 
and benefits, regulations, laws, safeguards, social influence, or certain cultural factors (Li 
et al. 2024, 8; Baer et al. 2018; Westjohn et al. 2022). As Reinhardt aptly notes regarding 
technology:

Technologies are not developed in a societal vacuum, but are interwoven with the 
fabric of our social and political interactions. They are, as socio-technical systems, 
embedded in societal and political contexts. This is particularly true with regard to AI 
technologies and algorithmic decision making; algorithms based on machine learning 
already shape our lives and social interactions in profound ways (Reinhardt 2023, 
740)

This point is crucial, and we must never forget how our conceptions shape and are shaped 
by our technologies, generating a feedback loop in which it may be difficult or even impos-
sible to distinguish clearly between causes and effects. It’s from this point of view that we 
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can explore what we will call trust-related constructs, that is, constructs that are usually 
connected thematically to trust and directly influence trust relationships.

In understanding trust in AI, it's crucial to identify related constructs such as accuracy, 
explainability, and accountability. We believe it is useful to group them into subjective, 
objective, and relational aspects. Trust, however, is inherently relational, bridging subjec-
tive and objective dimensions. What this classification seeks to do is help our understanding 
of each construct's role in trust, especially in AI-mediated healthcare. On one hand, subjec-
tive constructs -or “subjectual” to bypass the negative connotation of subjective- emphasize 
user perception, including motivation, past experiences, and individual propensity to trust 
(Brown et al. 2004). Motivation and prior experiences play pivotal roles; positive inter-
actions with AI foster trust, while negative experiences can breed skepticism. Familiarity 
with AI also enhances trust (Gefen et al., 2003), highlighting the importance of positive 
initial interactions. Knowledge about AI, reducing anxiety and increasing trust, leads to the 
crucial issue of interpretability (Lipton 2018). Interpretative capacity (what could be under-
stood as the subjectual reverse of explainability -even though interpretative capacity and 
explainability are neither necessarily subjectual or objectual) is also crucial for trust. On the 
other hand, objectual constructs are grouped when they primarily point to AI's performance. 
These include capacity (Malle and Ullman 2021), accuracy (London 2019), reliability (Lon-
don 2019), and robustness (Asan et al. 2020). These attributes enhance trust by ensuring AI's 
competence and consistency. Explainability is critical (Shin 2021a), but must be balanced, 
as understanding it as an absolute requirement would be unwarranted (Li et al. 2024).

At any rate, the relational dimension is the most fundamental one, and therefore a phe-
nomenological perspective is demanded. Constructs like responsibility, accountability, 
anthropomorphism, and value alignment emphasize shared human-AI dynamics. Respon-
sibility involves collaboration between humans and AI, fostering trust through justified 
actions (Matthias 2004; Leo and Huh 2020). Accountability promotes trust by ensuring 
that any action taken by AI can be explained and justified, and that the consequences of 
such actions will be assumed and, if necessary, compensated (Shin and Park 2019). Con-
versely, “when people think that AI cannot be held accountable, they are less willing to let 
AI make decisions” (Li et al. 2024, 7). Anthropomorphism, giving AI human-like qualities, 
can enhance trust by facilitating emotional connections (Cominelli et al. 2021; Waytz et al. 
2014; Kim et al. 2018; Shin 2021b). Value alignment ensures AI acts in accordance with 
users' ethical principles, emerging from a dynamic, bidirectional relationship (Israelsen and 
Ahmed 2019).

Finally, there are constructs often connected to trust that we think should not appear in 
the discussion, as they can be misleading. Constructs like controllability, transparency, and 
security. Castelfranchi and Falcone, in fact, go as far as to state that control and trust are 
“two opposite notions” (2010, 192). True trust involves managing, not eliminating, uncer-
tainty. Controllability can imply a lack of trust, as “trust implies some (perceived) lack 
of controllability” (Castelfranchi and Falcone 2010, 82) -although other authors consider 
controllability can be an alternative to trust (Kieseberg et al. 2023). Transparency, while 
beneficial for fairness, is not a substitute for trust, which accepts some unknowns. Security, 
protecting against risks, is essential but not synonymous with trust. Overemphasis on these 
constructs can empty the concept of trust, as trust inherently involves navigating uncertain-
ties. Thus, understanding trust in AI requires a nuanced approach, recognizing the interplay 
of subjectual, objectual, and relational constructs.
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4  Trust-factors in AI healthcare

The previous sections provide a panoramic view of trust in AI and its associated conceptual 
constructs. Our aim was to clarify some discussions in the literature, dispelling miscon-
ceptions and elucidating the articulation between various categories frequently used when 
discussing trust and AI. There have been significant precedents of trust-frameworks in the 
literature. For example, Li and colleagues (2024) propose a three-dimension framework 
of trust in AI, similar to Kaplan´s framework (Kaplan et al. 2021), differentiating between 
human-related, AI-related, and context-related trust. Building upon these previous propos-
als, our goal is to emphasize a relational view which complements the perspectives that 
tend to compartmentalize trust. It is important to note that both views are important and 
irreplaceable, the focus on loci of trust and the focus on relationship between loci. Our pro-
posal tries to acknowledge both, although devoting more time to the relational aspect, which 
usually is more elusive to analysis. Our underlying purpose is for this clarification work to 
lead to richer and more precise experimental studies. By analyzing factors that increase, 
reduce or affect trust in AI, and by empirically measuring, evaluating, and identifying these 
factors, we believe we can obtain a better understanding of AI-mediated trust in healthcare, 
and that these insights can inform future empirical research. To this end, we believe that the 
previous theoretical effort should be translated into a series of impact factors1 for trust in 
healthcare AI that can serve as a reference for future empirical work. Therefore, we have 
distinguished seven specific impact factors for the field of healthcare AI: 1. Function of AI; 
2. Type of outcome; 3. Type of pathology; 4. Type of treatment; 5. Healthcare professional's 
dispositions; 6. Presentation format of the AI; 7. Context of the AI.

For each of these impact factors, we will do the following. After briefly defining each 
factor, we will explain why and how it impacts trust in the field of healthcare AI. For these 
explanations, we will rely on the theoretical framework developed in the previous sections, 
demonstrating how the complex dynamic present between trustor and trustee is concretely 
reflected in trust in AI, the peculiarities of trust in AI technologies ("AI-mediated trust"), 
and the eminently relational understanding of trust presented in the last section. While some 
factors may lean more towards a subjectual or objectual side, we must clarify that none of 
these factors can properly escape the relational dimension that we have been advocating 
throughout the article (See Table 1 at the end of this section for a summary of the factors 
and associated trust constructs).

4.1  Function of AI

The function of AI refers to the specific task that artificial intelligence performs within the 
healthcare context, such as diagnosis, prognosis, treatment planning, etc. The specific func-
tion of AI can influence trust depending on how critical or complex the task is. For example, 
AI used for diagnosis may generate more distrust than AI used for appointment management 
due to its direct implications on patient health. Among the previously analyzed constructs, 
"capacity" (Malle and Ullman 2021) is probably the most important concerning the func-
tion of AI, as a fundamental question users will have, at least initially, regarding healthcare 

1 Even if “impact factor” is nowadays associated with “journal impact factor”, we consider talking about 
“impact” is the more intuitive way of referring to the repercussion and significance of certain factors of trust 
in healthcare contexts.
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AI is whether this system can truly perform the task it is being assigned. It is interesting 
to note that trust in a human doctor is usually integral across all these factors (it would be 
unusual to fully trust a doctor's diagnostic abilities while completely distrusting their prog-
noses), whereas with AI, this compartmentalization of trust might occur. Although medical 
specialization in human doctors contributes to this dissociation of skills and, consequently, 
of confidence in them, we consider that this dissonance may be much more marked in AI. 
This factor, like all others, should be fundamentally understood in relational terms but leans 
more towards the objectual dimension, as it mainly concerns the characteristics of the AI 
and its performance.

Functions: Diagnosis; Prognosis; Recommendation; Monitoring.

4.2  Characteristics of the output

The characteristics of the output refer to the specific features of the results generated by 
the AI, which can be precise or imprecise, explainable or unexplainable. The outcomes can 
also significantly influence the trust generated, whether the results are favorable or adverse, 
innovative or conventional, etc. This trust-factor is very directly connected with many of the 
previously analyzed constructs, such as "accuracy" (London 2019), "reliability" (London 
2019), or "robustness" (Asan et al. 2020). The impact of this factor on trust is very signifi-
cant, as it directly affects the relational core of the trust relationship by serving as the basis 
for potential medical actions to be taken (or not). In this case, the difference between inter-
personal trust and trust in technologies could be particularly relevant due to the specificity of 
problems like interpretability or accountability, which are much more recognizable in inter-
personal trust. Similar to the function of AI, this relational factor could be understood as 
leaning more towards the objectual side since it is more directly related to the characteristics 
of the results produced by AI. However, it is clear that most of the characteristics attributed 
to these results can only be so for a subject interpreting them in one way or another, as is 
especially evident in the cases of adverse or innovative results, to mention one instance.

Characteristics of the output: precise or imprecise; favorable or adverse; innovative or 
conventional; explainable or unexplainable; interpretable or opaque; accountable or non-
accountable; robust or fragile; immediate or long-term.

4.3  Type of pathology

The type of pathology refers to the nature of the disease or medical condition that the AI 
addresses, such as chronic or rare diseases; but also referring to serious or mild diseases, 
symptomatic or asymptomatic, etc. One hypothesis is that the accuracy of AI in common 
pathologies can strengthen trust, while in rare diseases, the lack of data and training cases 
may generate doubts. It could also be that the severity of a pathology lowers the trust thresh-
old and makes us more likely to try using AI. The construct of "interpretative capacity" 
(Lipton 2018) can play an important role in a factor like this, precisely because a break-
down in understanding from AI can be perceived, from the human perspective, as a lack of 
understanding and closeness from the trustee regarding their specific illness. In any case, 
whatever its specific impact, the factor of the type of pathology, inclined towards the sub-
jectual dimension but no less relational, will probably have a notable influence on trust in 
healthcare AI.
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Types of pathology: serious or mild; rare or common; chronic or acute; asymptomatic or 
symptomatic; terminal or non-terminal.

4.4  Type of treatment

The type of treatment refers to the kind of medical intervention suggested or administered 
by the AI, such as medication, surgery, physical therapies, drug administration, etc. Invasive 
treatments or those involving high risks require a higher level of trust in the AI than non-
invasive or preventive treatments. This factor is unequivocally relational, implicating both 
elements of the trust relationship, trustor and trustee, in an equally unavoidable manner. A 
factor like this can also be particularly marked by the difference between interpersonal trust 
and trust in technologies, especially if the degree of intervention in the treatment by the AI 
goes beyond mere recommendation, such as drug administration by medical robots. Regard-
ing this factor, key constructs like "explainability" (Shin 2021a; Li et al. 2024), "responsibil-
ity" (Matthias 2004; Leo and Huh 2020) and "accountability" (Shin and Park 2019) become 
particularly prominent, as the perception of the proposed treatment's intelligibility and how 
responsibility for medical decisions is managed will undoubtedly be very important.

Types of treatment: aggressive or conservative; innovative or traditional; surgical inter-
vention or non-surgical intervention; short-term or long-term.

4.5  Healthcare professional's dispositions

The healthcare professional's disposition towards AI includes their willingness, acceptance, 
knowledge, and previous experience with the technology. The healthcare provider's attitude 
towards AI can significantly influence the acceptance and use of the technology. Primarily 
subjectual constructs such as "motivation" or "propensity to trust" would have a specific 
weight in this trust factor. A positive disposition and deep knowledge of AI improve trust 
in the system, while ignorance or skepticism regarding AI can create an insurmountable 
climate of distrust for the use of AI in medicine. Regarding this factor, it also seems clear 
that constructs like "value alignment" (Israelsen and Ahmed 2019) and "knowledge and 
previous experience with AI" (Gefen et al., 2003) are of great importance. This issue clearly 
connects with the specific difficulties of trust in technologies discussed earlier, and although 
it pertains to the subjectual pole of the trust relationship, it cannot escape relational consid-
eration, as the object (in this case, AI) can inspire trust or distrust depending on its design 
and performance.

Healthcare professional's dispositions: convinced or skeptical; fearful or calm; attentive 
or distracted; knowledgeable in AI or not knowledgeable in AI; experienced in healthcare 
AI or not experienced in healthcare AI.

4.6  Presentation format of AI

The presentation format of AI refers to how AI is presented to the user, including its human 
or artificial appearance (if the AI is simply presented as a computer application, or if it 
adopts some human-like appearance such as a humanoid avatar), its robotic or digital form, 
as well as all possible user interfaces. This factor could also include the distinction between 
autonomous AIs (something distant, especially in the healthcare field) and those that oper-
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ate in conjunction with humans (such as AIs that coordinate with nurses as their advisors). 
Tangible constructs related to this factor include "anthropomorphism" (Waytz et al. 2014), 
"humanization" (Cominelli et al. 2021), and "value alignment" (Israelsen and Ahmed 2019) 
which would likely significantly enhance trust, as well as the interactivity and warmth of 
the interactions. This is an objectual factor that, once again, undoubtedly also refers to the 
relational plane, as the appearance of AI matters for how it affects its relationship with 
human users. Clearly, this factor also involves specific issues of trust in technologies, given 
that it would represent a divergence from the relatively standardized presentation of human 
doctors.

Presentation formats of AI: human or artificial; robot or chatbot; text or images; warm or 
cold; interactive or non-interactive; AI alongside a human or independent AI.

4.7  Context of AI

By AI context, we broadly refer to the characteristics of the environment in which AI is used. 
This can refer to the physical places where it is employed (medical consultations, nursing 
homes, private residences, etc.), but also to other contextual elements such as existing laws 
and regulations, the social and cultural acceptance of AI, etc. Constructs such as "responsi-
bility" (Matthias 2004; Leo and Huh 2020), "value alignment" (Israelsen and Ahmed 2019), 
and "reliability" (London 2019) prominently appear in relation to this contextual factor. This 
is an essentially relational factor, as it does not belong to the subjects or objects of the trust 
relationship but rather to the scenario in which that trust relationship can arise. Although 
more environmental in nature, this factor has a significant impact on trust in AI. It could be 
that the use of AI generates more trust in the realm of institutional healthcare management 
but much less in the clinical field. It could also be that within the clinical setting, there are 
particularly critical environments, such as surgery, where trust is much more difficult to 
achieve due to the gravity of the interventions; or fields like nursing, where the human touch 
could be considered irreplaceable. The underlying issue of regulation and social acceptance 
could also be decisive, indirectly impacting many of the previously analyzed factors.

AI contexts: hospital or home setting; care or surgical environment; legally regulated or 
without specific regulation; social acceptance or social rejection.

5  Vignette design for empirical studies

As Vereschak et al. (2021) explain, despite the critical importance of studying the problem 
of trust in AI, “empirically investigating trust is challenging,” and one of the main reasons 
is the “lack of standard protocols to design trust experiments” (2021, 1). To conclude this 
article, we aim to help address this issue by presenting a concrete way in which the pre-
ceding sections, with their clarifications and distinctions on trust, could be materialized 
in an empirical study. Specifically, we propose two sample vignettes, part of an ongoing 
experimental study on trust, AI and healthcare. While the specific methodological valida-
tion of this study remains a work in progress, we believe that the paper’s core contribution 
is independent of any specific methodology. The theoretical discussion and the trust-factors 
we describe can be applied across a wide range of contexts, from quantitative to qualita-
tive approaches, and even in training or education-focused studies. The following empiri-

1 3

  337   Page 10 of 17



AI-mediated healthcare and trust. A trust-construct and trust-factor…

cal proposal is just one of many possible ways to operationalize the preceding theoretical 
framework.

The population sampled in the proposed study will initially be all types of healthcare 
professionals, even though we plan to expand it to other collectives with the necessary 
adaptations of the vignettes. To carry out this proposal appropriately, we have tried to follow 
the warnings and recommendations of Vereschak et al. for conducting empirical studies on 
trust in AI, avoiding the omission of central elements of trust and distinguishing between 
different constructs associated with trust (Vereschak et al. 2021, 2), an effort that can be 
seen in the clarifications and distinctions of constructs and impact factors developed in the 
previous sections. Specifically, we have followed the recommendation of these authors to 
investigate the factors of trust between humans and AI, considering the “key elements of 
trust” (Vereschak et al. 2021, 27). We also follow Reinhardt's suggestion to attempt to mea-
sure “possible trade-offs and conflicts between these various values and principles that are 
supposed to generate trust” (2023, 738), an aspect that, according to this author, has been 
scarcely addressed in the literature. The vignettes always present complex, multifactorial 
scenarios that presumably allow for a complex and realistic measurement of trust in AI.

5.1  Sample vignettes

A) Lisa, diagnosed with a severe heart condition, is introduced by her cardiologist to an 
AI system that recommends a major surgical intervention based on detailed analysis of her 
genetics, medical history, and symptoms. Although the algorithm suggests this surgery as 
the best option, the healthcare team shows reservations about using AI. On a scale from 1 to 
5, how would you rate your confidence in using this AI system for this situation?

Table 1  Impact factors on AI-mediated trust in healthcare
Impact factors 
(Types)

Impact factors (Details) Associated trust 
constructs

1. Function of 
the AI

Diagnosis; prognosis; recommendation; monitoring "Capacity"

2. Type of 
result

Precise or imprecise; favorable or adverse; innovative or 
conventional; explainable or unexplainable; interpretable or 
opaque; accountable or not accountable; robust or fragile; im-
mediate or long-term

"Accuracy"; "Reliabil-
ity"; "Robustness"

3. Type of 
pathology

Severe or mild; rare or common; chronic or acute; asymptom-
atic or symptomatic; terminal or non-terminal

"Interpretative 
Capacity"

4. Type of 
treatment

Aggressive or conservative; innovative or traditional; surgical 
intervention or non-surgical intervention; acute or long-term

"Explainability"; 
"Responsibility"; 
"Accountability"

5. Healthcare 
professional's 
dispositions

Convinced or skeptical; fearful or calm; attentive or distracted; 
knowledgeable in AI or not knowledgeable in AI; experienced 
in healthcare AI or inexperienced in healthcare AI

"Motivation"; "Trust 
Propensity"; "Value 
Alignment"; "Previous 
Experiences with AI"

6. Presentation 
form of the AI

Human or artificial; robot or chatbot; texts or images; warm 
or cold; interactive or non-interactive; AI alongside human or 
independent AI

"Anthropomorphism"; 
"Humanization"; 
"Value Alignment"

7. Context of 
the AI

Hospital or home environment; care setting or surgical setting; 
legally regulated or without specific regulation; social accep-
tance or social rejection

"Responsibility"; 
"Value Alignment"; 
"Reliability"
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☐ 1 (Not at All Trustworthy).
☐ 2 (Slightly Trustworthy).
☐ 3 (Moderately Trustworthy).
☐ 4 (Very Trustworthy).
☐ 5 (Extremely Trustworthy).

B) Lisa, diagnosed with a severe heart condition, is introduced by her cardiologist to an 
AI system that recommends a major surgical intervention based on detailed analysis of her 
genetics, medical history, and symptoms. The healthcare team, convinced of the accuracy 
and benefits of AI, fully supports the recommendation and use of AI. On a scale from 1 to 5, 
how would you rate your confidence in using this AI system for this situation?

☐ 1 (Not at All Trustworthy).
☐ 2 (Slightly Trustworthy).
☐ 3 (Moderately Trustworthy).
☐ 4 (Very Trustworthy).
☐ 5 (Extremely Trustworthy).

The research question of this vignette could be formulated as follows: “to what extent 
does explicit support from the medical team influence people’s perceived trustworthiness 
of an AI-driven recommendation for a high-stakes procedure?”. Using this vignette, we can 
show what trust factors were primarily in play, and what factors were secondary to this case. 
The main factors evaluated in this vignette are “type of pathology”; “type of treatment” and 
“healthcare professional's dispositions”. “Type of pathology” is described as severe and 
related to a vital organ as the heart; “type of treatment”, is described as “surgical interven-
tion”, usually considered more serious and intrusive than other minor treatments; finally, 
“healthcare professional's dispositions” are alternatively described as unexperienced and 
skeptic in A; experienced and confident in B. Regarding other factors, “function of AI” is 
not specifically highlighted as it is described generally as technology or tool, encompassing 
diagnosis and treatment planning. “Characteristics of the output” is also not specified, while 
the “presentation of AI” and its “context” are left as undetermined. Let us show an addi-
tional vignette to give an example of how the trust factors not exposed in our first vignette 
would be addressed:

A) Charles, a 50-year-old man with type 2 diabetes, began using an AI application recom-
mended by his medical team, led by Dr. Martinez. The application alerted Charles and his 
doctor to any changes that could indicate deterioration, allowing immediate adjustments to 
his treatment. Charles felt more secure knowing he had a monitoring device that responded 
swiftly to his needs. On a scale from 1 to 5, how would you rate your confidence in an AI 
system's ability to manage monitoring for your medical condition?

☐ 1 (Not at All Trustworthy).
☐ 2 (Slightly Trustworthy).
☐ 3 (Moderately Trustworthy).
☐ 4 (Very Trustworthy).
☐ 5 (Extremely Trustworthy).
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B) Charles, a 50-year-old man with type 2 diabetes, began using an AI application rec-
ommended by his medical team, led by Dr. Martinez. The application alerted Charles and 
his doctor to any changes that could indicate deterioration, allowing immediate adjustments 
to his treatment. Charles felt more secure knowing he had a monitoring device designed for 
sustained long-term benefits. On a scale from 1 to 5, how would you rate your confidence in 
an AI system's ability to manage monitoring for your medical condition?

☐ 1 (Not at All Trustworthy).
☐ 2 (Slightly Trustworthy).
☐ 3 (Moderately Trustworthy).
☐ 4 (Very Trustworthy).
☐ 5 (Extremely Trustworthy).

In this vignette the main factors evaluated in this vignette are “function of AI”; “Charac-
teristics of the output”; “presentation of AI”; “context of AI”. “Function of AI” is described 
as health-monitoring application; regarding “presentation of AI”, AI is described as an 
“application” and as a “device”, whereas the “context of AI” is not explicitly mentioned but 
is clearly implied that the example describes a non-clinical context, but rather a daily con-
text. Finally, “characteristics of the output” are alternatively described as having a real-time, 
immediate output (“responded swiftly to his needs”) in A; and giving “sustained long-term 
benefits” in B. Regarding other factors, “type of pathology” is explicitly indicated as type 
2 diabetes; but “type of treatment” and “healthcare professional's dispositions” are left as 
undetermined.

This approach can be criticized for mixing several factors, contributing to a possible 
misidentification of trust problems. However, we respond to this objection in two ways. 
Firstly, we believe, following Reinhardt's reflection, that we need to measure trust as it 
really happens in the real world, where we cannot isolate factors and where possible trade-
offs between different trust factors are bound to happen (2023, 738). Secondly, the full set 
of vignettes tries to remediate the possible confusion of trust factors by presenting different 
scenarios which, through comparison, will allow us to somewhat isolate the strength of each 
factor.

6  Conclusions

AI in healthcare has the potential to completely transform patient care and clinical decision-
making. Trust is known to be essential to technology's effective adoption. Trust in healthcare 
AI, or as we prefer AI-mediated trust in Healthcare is analyzed in this study. We began 
with a theoretical approach that made us understand that trust is a complex and relational 
construct involving not only the technological characteristics of AI systems but also the 
contextual and individual elements impacting their use. Trust in AI does not merely con-
cern technology's reliability, accuracy, or explainability, but is a complex relational dynamic 
between the AI, the healthcare professionals, and the patients. This understanding shows the 
urgency of a comprehensive framework for evaluating, measuring and identifying ways of 
promoting trust, incorporating subjectual, objectual, and relational dimensions. A frame-
work as the one developed here will help disentangle the complex interplay of factors that 
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contribute to trust, from the technical robustness and performance of AI systems to the 
human and contextual elements that shape user perceptions and experiences. We conclude 
showing how the theoretical discussion and the trust-factors identified could be translated 
into empirical research. However, it should be emphasized that our specific proposal (the 
vignettes presented in Sect. 5) represents just one potential application of the theoretical 
framework, which constitutes the central contribution of this article.

The literature reviewed reveals that trust in AI is profoundly affected by various impact 
factors such as the function of AI, the characteristics of its outputs, the type of pathology 
addressed, or the nature of treatments suggested. Special attention should also be given to 
the dispositions of healthcare providers, the presentation format of AI, and the broader con-
text of its application. These factors collectively influence how trust is formed, maintained, 
and potentially eroded in medical settings. It is critical to address these issues in order to 
promote beneficial trust and guarantee that the application of AI technology ends up being 
truly advantageous.

In the end, developing AI-mediated trust in Healthcare calls for a comprehensive grasp 
of the socio-technical environment in which these technologies function. We conclude that 
assessment of the relationship dynamics of trust should be given priority to fully and ade-
quately utilize AI in healthcare while preserving patient rights and welfare. To achieve this 
goal, we believe that the trust-factor framework exposed in the last part of the article can be 
instrumental for the purpose of developing more comprehensive and meaningful empirical 
studies.
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