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Abstract. From diagnosis to patient scheduling, AI is increasingly being considered
across different clinical applications. Despite increasingly powerful clinical AI,
uptake into actual clinical workflows remains limited. One of the major challenges
is developing appropriate trust with clinicians. In this paper, we investigate trust in
clinical AI in a wider perspective beyond user interactions with the AI. We offer
several points in the clinical AI development, usage, and monitoring process that
can have a significant impact on trust. We argue that the calibration of trust in AI
should go beyond explainable AI and focus on the entire process of clinical AI
deployment. We illustrate our argument with case studies from practitioners
implementing clinical AI in practice to show how trust can be affected by different
stages in the deployment cycle.
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1. Introduction
AI is increasingly being considered across different healthcare areas: from patient facing
applications to clinical workflow enhancements [1, 2]. AI can enable healthcare
providers towards realizing what is known as the “quadruple aim”: improved patient
experience, better health outcomes, improved staff experience, and lower cost of care [3,
4]. AI has the potential to give doctors more time engaging with patients by taking care
of the menial, non-critical tasks, and being a “second reader” for some clinicians, helping
aid detection and diagnosis [5, 6, 7, 8]. The promise of AI for healthcare is rife with hype,
with many machine learning models outperforming clinician performance in diagnosis
in controlled settings, spiking some concerns of professional autonomy among clinicians
[8, 9, 10, 11, 12, 13]. The major focus of the AI community has been on crafting better
performing models, rather than the effects of AI implementation in practice and
challenges associated with adoption [14, 15].
Despite ever better AI models, the adoption of AI into actual clinical practice has
been limited [16, 17, 18, 19]. Aside from poor human-centered design, trust remains a
critical challenge in deploying clinical AI, being influenced by many factors (education,
experience, bias, system controllability, complexity, risks, etc.) [8, 20, 21, 22, 23, 24, 25,
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26]. Even if the AI system is deployed into an existing workflow, whether the clinician
trusts it enough to adopt in usage remains a challenge [27]. Additionally, trust has
increasingly been mentioned by regulatory bodies as crucial to the development of
human-centered AI [28, 29].
Research investigating how trust is formed in clinical AI in practice is currently
lacking. Many studies investigating trust in AI-assisted decision making do not go
beyond evaluations of the interface in a laboratory setting (often through investigating
XAI) [30]. Vereschak et al., in a systematic review of methodologies to study trust in AIassisted decision making, call for better methods to investigate trust that are more
ecologically valid [31]. Similarly, in a survey of AI-decision making research, Lai et al.
call for more investigations of AI beyond discrete, laboratory trials [32].
This paper makes two contributions: an expansion of the unit of analysis of trust in
clinical AI and a review of different trust calibration points within the clinical AI
deployment process. Through this expansion, we render the problem of trust calibration
to encompass more than just XAI, instead extending throughout the entire clinical AI
deployment process.
2. Defining Trust
2.1. What is Trust?
Trust is a multifaceted, multidisciplinary, and challenging theoretical concept to study
and define, with many definitions from different fields abounding [33, 34, 35]. Despite
this, there are some common, important components that bind them. To define trust, we
follow Vereschak et al. in their systematic review of trust definitions within Human-AI
literature [31]. They cement Lee and See’s seminal definition of trust as comprising all
the relevant elements of trust (vulnerability, positive expectations, and trust rendered as
an attitude). Trust is “the attitude that an agent will help achieve an individual’s goals in
a situation characterized by uncertainty and vulnerability” [31, 33]. Reliance (asking for
a system’s recommendation) and compliance (following a system’s recommendation)
with a system serve as trust-related behavioral measures, as trust cannot be inferred from
a specific behavior [31, 36].
An important focus within the trust literature is calibrated or appropriate trust: that
the level of user trust matches the capabilities of the AI [33]. Rather than simply
promoting trust in a system, trust should be calibrated to system capabilities as they
modulate in usage. Overtrust will lead to overreliance and misuse of the AI (often
referred to as automation bias), while undertrust will lead to underreliance and disuse of
the AI (often known as algorithm aversion) [37, 38]. Poor trust calibration will lead to a
lower performance in human-AI teams [25]. Clinical AI operates in a high-stakes
environment, rendering appropriate trust critical to the development of clinical AI. The
goal of the designer is to keep the user’s trust calibrated to the capabilities of the system.
2.2. Expanding Trust
“...most contemporary social scientists do not view trust as a
process. This can partly be explained by the fact that trust is
traditionally measured through surveys and experiments, which

are not particularly useful for depicting the dynamic nature of
trust.” [39]
What is often missing in investigations of trust in clinical AI is the cultural and
organizational processes in which clinical AI is implemented. Integrating AI into a
clinical workflow involves a complex web of stakeholders and processes [40]. Instead,
studies tend to focus on individual interactions of a clinician and a prototype outside of
a clinical context. While these investigations are valuable, they dodge the larger picture
of how the trusting process occurs. Some recent work on trust offers us an expansive
path forward.
In an integration of empirical research on trust, Hoff and Bashir build upon three
variables of trust: dispositional, situational, and learned trust [27, 41]. Dispositional trust
refers to a personal tendency to trust. Culture, age, personality traits, etc. can all lead to
different dispositions to trust at different stages of use [27, 33]. Situational refers to the
context in which the interaction takes place, where aspects of the context could affect
trust. This includes both external factors (type of system, difficulty of the task, team
dynamics, workload, decisional freedom, etc.) and internal factors (affect, expertise,
attentional capacity, etc.) [42]. Further, Meyerson et al. point to trust being affected by
the temporal context in a group (whether a group formation is more temporary or
permanent) [43]. Learned trust refers to trust in past interactions with the system. Learned
trust is expanded into initial learned trust (trust prior to interaction) and dynamic learned
trust (trust during an interaction).
Trusting occurs in a social context. Lee and See advocate that “trust between people
depends on the individual, organizational, and cultural context… it affects initial levels
of trust and how people interpret information regarding the agent.” [33]. Chiou and Lee
emphasize the social aspects of automation, where trust is “…essential to coordination,
rather than relying on individual skill, static knowledge structures, or having welldefined roles” [36]. There is an increased focus on the joint activity, shared awareness,
coordination, cooperation, adaptation within dynamic environments and how trust
develops through interactions [36]. Their attention is drawn to a relational approach of
trusting, an ongoing dialectic, rather than a static state of trust.
In recent work on human-robot teaming, Huang et al. define a Distributed Dynamic
Team Trust (D2T2) model, establishing trust as “a distributed, networked state that is
constantly in flux” [44]. This framework includes interpersonal and technical factors that
relate to trust in a dynamic, transitive light. Similarly, de Visser et al. emphasize the
longitudinal, relationship-like nature of trust, offering methods for trust dampening and
repairing [45, 46].
These directions in trust research offer potential expansions of our current research
of trust in clinical AI. There is an expansion of the unit of analysis beyond the individual
and AI at one moment in time. As Möllering argues, “people’s trust should be
conceptualized and operationalized as a continuous process of forming and reforming
the attitudes static surveys have measured so far and, crucially, as part of larger social
processes” [47]. The process of trusting spans longer time horizons, distributed across
time, material, and social worlds. In the next section, we’ll use recent work in deploying
clinical AI to showcase this.

3. Expanding the Unit of Analysis of Trust in Clinical AI
“The interrelated, communicative types of interpersonal
factors in complex teams are not captured by trust studies that
consider only individual end-users.” [44]
Much of the research on trust in clinical AI focuses on measures of trust during the initial
interaction with a prototype, often through some representation of XAI [30, 48, 49].
Rarely is the case of trust before the prototype considered crucial [14, 30]. However, as
evidenced by studies from practitioners developing clinical AI in practice, the process of
trusting begins way before clinicians ever see an interface and extend beyond
experiences with XAI. We need to investigate trust in clinical AI beyond what is most
apt to the domain of HCI, and instead consider the larger complexities of integrating into
a clinical environment. Our unit of analysis should go beyond a clinician’s interactions
with the AI once deployed and expand to the entire deployment process. This attempt is
reminiscent of Fitzpatrick and Ellingsen’s call for a focus on the large-scale, longitudinal
nature of healthcare projects and recognizing the situated nature of clinical work [50].
We’ll consider 5 areas where significant trusting processes occur derived from clinical
AI literature: pre-development, during development, generating evidence, during use,
and post-deployment (see Figure 1).
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Figure 1. Different calibration points in the Clinical AI Deployment Cycle.

3.1. Pre-Development
3.1.1. Personal Differences in How Clinicians Trust
People have different inclinations to trust, known as dispositional trust [27, 51, 52].
Culture, age, attachment styles, and other personal differences all count towards this
dispositional trust [27, 53]. These differences can greatly affect trust and reliance in ways
not related to the properties of the AI, across the entire trusting process [33]. Clinicians
may have positive expectations (or lack thereof) in clinical AI, informed by their past
experiences, culture, expertise, gossip, relevant industry news, mental models, affect etc.
[31, 51, 55]. These differences are rarely considered when investigating trust in clinical
AI, despite having important implications for how to calibrate trust.

3.2. During Development
3.2.1. Trust Through the AI Development Team
The formation of trust in clinical AI starts as early as the assembling of the team
developing the AI. Releasing clinical AI is an extensive, complex process [40, 56]. The
development team having the right professional credibility and experience to engage in
this process indicates positive expectations being formed: that a negative outcome will
be unlikely with these stakeholders [57]. Clinical stakeholders do not want to harm
patients and besmirch their own career aspirations by relying on untrustworthy AI.
Clinicians may trust an AI simply because they value the brand based on prior
experiences or cultural approval [36, 40].
3.2.2. Trust Through the Training of the AI
The selection of the AI’s dataset, type of model, training, and metrics influence trust [26,
58]. Cai et al. note that some pathologists wanted to know the “quantity and diversity of
the training data” to understand the generalizability and capacities of the AI within the
clinician's local context [59]. Some pathologists would not trust the AI unless it were
trained on judgements made by well-respected clinicians [59]. Pathologists insisted on
knowing “a summary of the volume and types of clinical cases that the algorithm was
created from” and “from diverse sources would be more representative” [59]. To
pathologists, where the algorithm received its training data is comparable to where their
colleagues were trained [59]. The need to know the details of the training data can be
seen as an extension of the practice of resolving clinical uncertainty by expert
consultation, and thus informing positive expectations. Clinicians need to know how
much the training data matches their local, live clinical data in allowing vulnerability. As
noted by Engström et al., “there may be a need for local tuning of an AI before
deployment in a trial, which needs to fit well with the pre-existing organization and
ensure patient safety” [60].
3.2.3. Trust Through Clinical Involvement
“Any time you are adopting new technology which is not
validated, I think there is some amount of trust building that has
to go along with the project and that comes from working with an
engagement right from the beginning.” [40]
The degree of clinical involvement has an impact on trust in several ways [51]. Firstly,
the better the development team’s understanding of the clinical context, the better the
outcome will be for integration into the workflow, the better their understanding of
clinician’s mental models, and thus, higher positive expectations from the clinical team
[36, 61]. The more clinical involvement, the better the AI developers will be able to
design for those mental models and integrate successfully into the clinical workflow. Cai
et al. found that dissimilar mental models between pathologists and the AI system
degraded trust [62]. The more accurate the user’s mental model of the AI, the better their
performance with the AI [63, 64]. As the user’s mental model of the system evolves, so
does their trust [65, 66]. Early in the AI training process, Benda et al. note that reviewing
the inputs of the AI with clinicians can help foster trust and catch quality issues [51].
This also helps clinicians understand how the AI works. Jacobs et al. held co-design and

interview sessions with clinicians to understand their perceptions in using a DST
(decision support tool) for antidepressant treatment decisions [30]. Through these
sessions, they revealed that DSTs should: engage with the broader healthcare system
beyond the clinician including patients and other healthcare providers, connect to
existing healthcare system processes, be designed for time-constrained environments,
and adapt to information contrasting clinical guidelines [30]. By increasing clinical
involvement in the development process, developers will make better AI integrations and
thus make their systems more likely to be used and trusted.
Secondly, more clinical involvement means clinicians will have more of a stake in
designing the task allocation or division of labor of the AI [67]. As a side effect of these
sessions, the clinical team can further understand the purpose of the AI, how to use it,
and its limitations by being active participants in the design process. They can start to
calibrate their trust in the AI before any actual performance with it and prevent misuse
[33, 51].
Lastly, the AI team will be able to develop relationships with the clinical team.
Sendak et al. offer us a profound insight in their development of Sepsis Watch: “trust in
a technology is rooted in relationships - not in a technical specification or feature” [14].
Trust is developed through developing relationships with the clinical team: meeting with
the clinicians and staff involved throughout the process of development and integration.
Without these relationships, it will be much more difficult to garner trust. These meetings
develop positive expectations to allow for instances of vulnerability. In piloting Sepsis
Watch, Sendak et al. formed accountable relationships with appropriate leaders from the
emergency department, establishing monthly meetings [14]. Training sessions were
conducted with nurses (the primary users of Sepsis Watch) during the first two weeks of
their pilot [14]. After a month of use, feedback was presented to the governance
committee, and they created several workflow changes [14].
This is the development of positive expectations of clinical AI before deployment,
and key to successful integration. Incorporating different users into the development
process will help create a better understanding of how to develop trust at their local sites
[51]. Barda et al. emphasize that different needs arise from different clinical stakeholders,
especially when considering XAI [68]. This learned initial trust development through
these sessions will go a long way in the successful deployment of clinical AI and the
calibration of appropriate trust.
3.2.4. Trust Through Augmentation, Not Automation
Different levels of automation and the level of control the operator has impacts trust [27].
Implicit in this agreement from clinicians to the AI development team is that the AI
would not be developed to replace them. If the AI developers wanted to replace the
clinicians, the clinician likely would not hold that as a positive expectation of the use of
AI, nor would this be a productive endeavor [69]. As Gichoya et al. argue, a more
productive focus is upon the clinician-AI team (rather than replacing clinicians) given
the complexities of the clinical context [9]. To render this point, although BoneXpert
was developed to automate the bone age rating task of a radiologist, 82% of radiologists
who use it still do some degree of assessment of the radiographs [70]. Instead, it is better
to think of the AI as augmenting the clinician. Kiani et al. found that there was an
increased performance in the joint teaming of a pathologist and a deep learning-based
assistant in the histopathologic classification of liver cancer [71]. Lee et al. found a
similar improvement in therapists using AI in a rehabilitative assessment context [72].

Wang et al. found clinicians want to maintain decisional power over the AI and
verify any decisions it would make [8]. They also found that clinicians did not believe
AI could replace them, as one participant stated, “you will have to stay in medical school
for 3 years in order to understand this [clinical decision support system].” [8]. Instead,
the diagnosis process is a “highly interactive, communicative, and social event”, thus not
up for automation anytime soon [8]. De Boo reflects this in computer-aided diagnosis
(CAD) in radiology, where CAD is more of a second reader, a complementary tool that
can spot lesions that the radiologist might miss, while the radiologist can dismiss or
accept different findings [73]. This is further evidenced by Strohm’s interviews with
radiologists regarding AI integration, where radiologists were having to “reframe their
professional identity and responsibilities… framing AI applications as “co-pilots”
enabling radiologists to perform better while staying in control.” [22]. This is indeed like
airplane automation, where pilots need to be trained on how to be better monitors of
automation [11, 74]. To maintain autonomy and agency in clinicians, Cai et al. found it
important to give clinicians tools to refine the system, allowing the clinician to improve
the system, remain in control, and disambiguate mistakes [62]. Further, clinicians need
to be reminded that while they are working in an environment with AI agents, they are
responsible for their decisions [75]. Being forward with this approach when working
with a clinical team is important for integration and them forming positive expectations.
3.3. Generating Evidence
3.3.1. Trust Through a Clinical Champion
Clinical and development teams working together are often accompanied by a clinical
champion, a key to gaining the positive expectations of the clinical staff [22, 76]. Lu et
al. emphasize the need for a clinical champion, or someone to affirm the clinical utility
of the AI system and promote the project within the “complex social hierarchies and
regulations… that would be impenetrable to outsiders” [76]. This is further emphasized
by Wilson et al. and Cosgriff et al., “We need visionary clinicians working with expert
technical collaborators to establish the organizational structures requisite to translate
technological progress into meaningful clinical outcomes… the hype around AI in
healthcare will only be realized when the scattered champions of this movement emerge
from their silos and begin formally working as a team under the same roof” [58, 77].
Strohm et al. point out that these insiders share information about AI to other clinicians
and promote opportunities for experimentation [22]. The presence of a clinical champion
serves to increase the positive expectations of necessary stakeholders in the clinical
system.
3.3.2. Trust Through Clinical Trials and Peer Reviewed Publications
Prior to releasing AI in a clinical workflow, these models need to be evaluated according
to rigorous clinical and regulatory standards (e.g., FDA) [19, 56, 78, 79]. For instance,
Sendak et al. had both the sepsis definition and model peer-reviewed and disseminated
in clinical and technical venues [14]. Sendak et al. tailored different ways to convey
trustworthiness to clinicians depending on what was meaningful to them, using a form
of model card and model performance presentations during meetings [14, 80]. Cai et al.
also indicate the need for “evidence of FDA approval and published validation in peerreview journals, social endorsement by well-respected medical leaders” [59]. In an
evaluation of BoneXpert, Thodberg et al. found that 71% of radiologists indicated that

clinical evaluation of data through performance data and peer-reviewed publications
were the most important factors in generating trust in BoneXpert [70]. Jacobs et al. also
mention that DSTs going through random controlled trials have a large influence on trust,
emphasizing that clinicians don’t have time to evaluate trust in clinical AI at every
recommendation the DST makes: “participants expected that trust in the technology will
not be decided at each decision point.” [30]. This is an extension of medicine’s reliance
on such clinical, peer reviewed processes. The fact that clinical AI should go through
this practice is an indicator of positive expectations and extended vulnerability: other
members of clinical practice either vow or disavow to use this technology based upon
their practice [30, 56].
3.3.3. Trust Through Public Accountability
A form of public accountability through the participation of external parties during trial
phases can also affect trust. Although seemingly rare in the literature, Sendak et al. offer
an account of this [14]. Sendak et al. enabled mechanisms of public accountability by
conducting a clinical trial with specified goals and outcomes, combined with an external
data safety monitoring board to oversee the safety and efficacy of the system [14]. This
enabled positive expectations to be built and exchanges of vulnerability between the
clinical and development team.
3.4. Trust During Use
3.4.1. Trust Through Training and Onboarding Sessions
“…training and documentation, when done right, can make
up for trust lost elsewhere” [81]
Training sessions with clinicians also modulate trust: both active training on how to use
it and allowing clinicians to test the AI out, understand its limitations, and use cases,
often through onboarding [25, 27, 56]. This onboarding is essential: developers are
introducing a sociotechnical system, transforming the complex, distributed workflow of
clinicians. Expectation setting of AI early on has been shown to have an impact on user
perceptions and trust [82, 83].
During onboarding and throughout usage, explanations of model predictions,
transparency into higher level objectives, global behavior, expectations of model
performance, and tendencies can be needed [27, 59, 84, 85]. First impressions with AI
systems have a large effect on trust development downstream [27, 36, 52, 86, 87]. To set
the AI’s capabilities, it should be noted what is the AI good at, what cannot it do, and
how well it can do what it does [80, 88]. De Boo shares that in radiology, the radiologist
should learn how to use their CAD (computer-aided detection) to understand the optimal
reading of its findings around true and false positives, “they have to become familiar
with the potential and limitations of the CAD they are using and they have to build up a
trust into the CAD’s capability to be able to accept the true positive lesions without a too
big loss of specificity by correctly ruling out the false positive lesions” [73].
Cai et al. emphasize that beyond knowing summary statistics of performance and
how to use the AI, pathologists relate to the AI assistant as they would a new colleague:
homing in on its medical point-of-view, strengths, weaknesses, and how it complements
their skill set (e.g., relevant patient populations to use the AI on) [59]. The AI could also

be calibrated to the clinician's preferred way of operating (e.g., a radiologist setting the
AI to only notify them when the AI is over 80% confident of a finding).
However, as in the case of airline automations, this added explanation is typically
the first step taken by industries in mitigating risk, and notably insufficient [74]. We need
larger efforts of training that expand beyond XAI: educating clinicians in training and in
practice on the basics of how AI works, how humans work with AI effectively
(mitigating biases, maintaining awareness, knowledge of the new task given automation,
etc.), and how to respond to its alarms, predictions, etc. [67, 74].
Cai et al. note how some pathologists envisioned comparing their own diagnoses
with the AI’s diagnoses on a set of cases with ground truth data give insight into the AI’s
tendencies [59]. This also has the effect of instilling cases of low-stakes vulnerability,
allowing clinicians to slowly test the system and see how it performs against themselves.
Model refinement mechanisms allowed clinicians to test, understand, and grapple with
opaque models [62]. These mechanisms could allow clinicians to improve the model
itself, increase transparency through testing, and help better form their own mental
models beyond explanations. Similarly, Lee et al. found that following an interactive
machine learning approach in a rehabilitative assessment context improved therapist
performance [72].
Wang et al. found that a lack of training lessened trust in the AI, as clinicians had to
learn how to use and understand the system alone [8]. Henry et al. discuss how in a sepsis
alert system, clinicians might dismiss the alert if there are not clear signs of sepsis and
the patient has a less common presentation of sepsis [54]. Training clinicians on how the
system can detect this rarity would be crucial [54]. Training and onboarding are vital
forms of trust calibration [36].
3.4.2. Trust Through Performance
“All the team leaders knew that establishing “trust” was an
essential foundation upon which everything else would rest. Only
if a technology is trusted will it be used.” [40]
As clinicians use the AI, their trust will modulate dynamically based on system
performance and different sociotechnical factors (known as dynamic learned trust and
situational trust) [27]. The goal is to calibrate appropriate trust in real-time by
communicating an accurate picture of the AI’s performance and through trust dampening
and repair mechanisms to increase human-AI teamwork performance. How does trust
develop over time in actual usage and what trust modulation mechanisms work in context
[25]?
How the AI functions within the workflow has a large impact on trust and reliance.
How well does the AI work with live clinical data, in an actual clinical workflow over
time? Does the AI miss new edge cases arising within clinical contexts [89]? Was the
data used in training the AI similar to data gathered in this live clinical context? How can
you successfully communicate this to the clinicians in context? Answers to these
questions are difficult to predict given clinical contexts and procedures can vary from
hospital to hospital. As Elish notes in one of their interviews with clinicians, “If you’ve
seen one academic hospital, you’ve seen one academic hospital.” [40]. Clinical
environments are situated in terms of complex organizational policies, regulations, and
culture which defy laboratory settings [20]. Not attending to these complexities increases
non-adoption of technology within clinical environments, even in the case of seemingly

simple deployments [90, 91]. Observing the AI using live clinical data, in context, with
clinicians can help surface these socio-environmental problems [90].
Levy et al. emphasize the importance of long-term investigations of AI’s impact on
trust. In introducing automation in annotating clinical texts, they found that some users
tended to accept improper results, lose engagement in the task, and take less initiative in
making their own annotations [92]. How does partial automation and decision support
affect the task, what unintended consequences come of this automation [15, 93]? Alberdi
et al. note how a CAD for radiologists resulted in automation bias from an absence of
prompts on a mammogram, while Nishikawa et al. note how radiologists ignore correct
prompts [5, 94]. Maintaining vigilance as the clinician becomes habituated to the
workflow is key [95, 96].
Given appropriate trust is built upon having knowledge of the AI’s performance, it
is important to inform clinicians on the AI’s past performance at their local hospital [25,
85, 97]. Such metrics need to be relevant and understandable to clinicians, while
respecting the limited time clinicians have and not getting in the way of their work [30,
51, 56]. The AI could perform better on certain tasks than others (e.g., diagnosis of
different types of lesions) and the clinician would need to adjust their trust as these cases
arose [25]. Further, specific environmental contexts can cause the AI to not perform well
and reduce trust [8, 25, 33, 98]. For instance, Beede et al. found that poor image quality
severely impacted usage of their deep learning system that made assessments based on
the image of the eye [90]. How well can the AI explain why this happened, how could
the user accommodate, and is it worth accommodating? Could the user have prevented
errors from happening by learning how the AI works? How the system responds to such
failures can have an effect whether trust is repaired (e.g., how the AI expresses regret or
apologizes) [99, 100]. As an example, BoneXpert will automatically reject radiographs
not suitable for evaluation and 48% radiologists pointed to that being important to
building trust [70].
How are trust dampening and trust repairing mechanisms released as needed, and do
they even work as intended [46]? Trust repair would repair trust after a trust violation,
while trust dampening would lower expectations as needed [46]. How people respond to
different trust repair strategies varies by person and context [45, 101, 102]. De Visser
argues that designers ought to use different repair strategies for different respective
violations and to be mindful of how different contexts and timings affect trust repair
strategies [45]. McDermott have referred to calibration points, points in time where AI
performance is degraded or improved, and trust needs to be increased or dampened [103].
Through the human-centered design process, designers could uncover what information
the system needs to show at different calibration points and prototype these different
scenarios [104, 105].
XAI may play an important role in modulating trust during actual usage by
explaining global model processes, limitations, and instance/local specific explanations
when appropriate [25, 86, 106]. For instance, confidence scores can be used for different
marks in a computer-aided diagnostic system for radiologists [25, 107, 108]. Jacobs et
al. mention how the AI could bring up a recommendation that contrasts with existing
clinical knowledge due to the AI finding a nuanced relationship not known in clinical
practice [30]. Understanding this divergence and why the recommendation was made
would be important to maintain trust [106]. However, different tasks and contexts will
need different levels of XAI and transparency (e.g., low stakes v. high stakes scenarios).
Jacobs et al. note how clinicians in high stakes scenarios or with limited time won’t check
the explanation of a decision, and instead more emphasis should be placed early in the

development process to determine when the system errs or when it should not be used
[30, 49].
Trust during actual usage will also be influenced by other stakeholders in the clinical
team. The clinical team as a complex social system with incredible prowess in awareness,
coordination, articulation, and collaboration is well studied [109, 110, 111, 112, 113,
114, 115, 116, 117]. Clinicians often do not follow rigid, perfect protocols; instead,
clinical workflows are notably chaotic, rife with biases and communication breakdowns,
dependent on specific local norms [8, 118, 119, 120]. Clinicians will have varying
degrees of experience with the AI: some holding positive expectations, others dismissing
the AI. Each stakeholder will have different predispositions to trusting AI and different
levels of meta trust with each other, or: “the trust a person has that the other person’s
trust in the automation is appropriate” [33]. These networks of trust relations will be
impacted by each other [44]. Whether or not a trusted, senior clinician trusts an AI will
influence the rest of the team’s trust in the AI [91]. Similarly, clinicians may be required
to interact with an EHR system more, increasing situational trust [54]. The
implementation of AI will have a broader effect on trust between healthcare
professionals, and in turn, will affect trust in the AI [121].
3.5. Post-Deployment
3.5.1. Trust Through Continual Monitoring and Auditing
The development team needs to continually monitor performance to ensure the clinical
AI is performing effectively and safely [56]. The “you build it, you own it” mentality by
Sendak et al. 's team creates positive expectations that the AI will be improved as new
information is surfaced, based on real clinical data [14]. Medical procedures and best
practices are similarly dynamic. Does the AI reflect up to date knowledge of clinical
practice [89]? The AI will have systemic, emergent, impossible to predict effects upon
the sociotechnical context of the clinical setting and this needs to be observed
continuously [89, 92]. Feedback from clinicians after deployment will be critical to
maintaining relationships and maintaining trust [122].
4. Conclusion and Future Work
“Choosing the right boundaries for a unit of analysis is a
central problem in every science and the basic approach to this
problem has been in place for 2,000 years. Plato advised that one
should ‘‘carve nature at its joints’’ (Phaedrus 265d–266a). By
this, Plato meant that we should place the boundaries of our units
where connectivity is relatively low.” [123]
Through this paper, we have shown how the unit of analysis of trust in clinical AI should
be expanded beyond current foci of explainable AI and usage in situ. The process of
trusting extends throughout the clinical AI deployment process, from the construction of
the development team to how it is audited post-deployment. Each of these points have
various interventions to calibrate trust and we will need future work to investigate how
to best calibrate trust at each point, as it makes sense in each context. There may also be
other significant points that are not surfaced in the current clinical AI literature.

We need empirical research investigating trust building in clinical AI as it occurs in
actual clinical practice [14, 24]. As Chiou and Lee mention, we should go beyond
“necessary but insufficient guidelines” that argue for transparency (e.g., “make clear
what the system can do”) and focus on guidelines for how trust is developed across
interactions and situations [36, 88]. Institutions will differ in how they trust clinical AI.
Okolo emphasizes this further in pointing out differences in trusting processes between
clinicians in the Global North and the Global South: there does not seem to be a one size
fits all solution [124]. We share the emphasis on the need for a participatory, iterative
design process to successfully integrate into clinical workflows [124].
Future work will investigate each point in the clinical AI deployment cycle to better
understand what trust calibration methods are most useful, how to measure and
investigate trust at each stage, and how these factors vary across different clinical
contexts. Trust cannot be an afterthought, but rather it should be a central design aim of
the project [125].
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