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Abstract

The increasing use of artificial intelligence in healthcare requires
workers to decide when and how to rely on these systems, making
trust a key factor. This scoping review wants to identify the main
factors influencing workers’ trust in Al and how it can be well-
calibrated. A literature search led to the selection of 48 studies,
from which a framework was developed and divided into four
paragraphs: Al system characteristics, human factors, task
characteristics, and organizational context. A work use case
regarding dentistry illustrates how these factors interact in a more
practical way. The conclusion shows that trust in Al is a dynamic
and context-dependent process that requires continuous human
evaluation rather than a simple decision.

1 Introduction

Artificial intelligence is increasingly being integrated into
healthcare practice, where it is used to support diagnosis, clinical
decision-making, and treatment planning. As these systems
become more used, healthcare professionals are required to
interact with AI and decide whether and when to rely on its
outputs.

However, trust in Al is not a straightforward process. Evidence
from recent literature shows that AI systems are often
characterized by variability in performance, uncertainty, and
limited explainability, which can affect how their outputs are
interpreted. For example, issues such as inaccurate predictions,
lack of transparency (the “black box” problem, explained later on
in the review), and the presence of bias can reduce confidence in
Al systems. At the same time, excessive reliance on Al can lead to
unsafe decision-making.

That is why it is important to introduce the concept of trust
calibration, defined as the ability to appropriately adjust their
trust on Al based on its capabilities and limitations. Trust
calibration is influenced by the technical characteristics of Al
systems, such as accuracy and reliability, but mostly by human
factors, such as user expertise, training level, and familiarity with
the technology. In addition, elements such as task complexity, risk
level, and responsibility for outcomes play a crucial role in
shaping trust.

Healthcare professionals must learn how to balance the benefits
Al can give, such as increased efficiency and diagnostic support,
with bigger concerns related to accountability, ethical
implications, and system limitations.

While existing studies have explored the performance and ethical
implications of Al in medicine, it has been given minor attention
to the identification of the factors that determine whether

healthcare workers trust AI systems and how that trust is
calibrated in practice. Many studies focus either on the AI
performance or on patient perspectives, leaving a gap in
understanding the decision-making processes of workers dealing
with AI This study addresses the following research question:
"What factors determine whether a worker trusts Al to perform a
task, and when is that trust well calibrated?"

To answer this, we conducted a scoping review of the literature
on Al in healthcare, identifying and organizing the key factors
influencing trust and trust calibration. A specific application in
dentistry is used as a worked example to show how these factors
can apply to a more specific healthcare sector.

2  Method

We adopted a scoping review approach and followed PRISMA-ScR
to identify and map the factors influencing workers’ trust in Al in
professional contexts.

The search was mainly conducted on Google Scholar, Scopus,
ResearchGate, WebofScience and PubMed, selected for their broad
academic coverage and access to scientifically reliable sources
[Appendix A]. A time restriction was applied to only include
studies that could ensure focus on recent developments in the use
of Al in healthcare [Appendix B].

The search was conducted using combinations of keywords
related to artificial intelligence, medicine, dentistry, and trust-
related decision-making [Appendix C].

The selection process was systematically divided into steps: title
screening, abstract screening, and full-text review. We evaluated
articles based on inclusion and exclusion criteria regarding their
relevance to Al in professional fields and their contribution to
understanding trust calibration [Appendix D].

Some studies were partially included as only specific sections
provided generalizable insights relevant to the research question
[the screening process is summarized in Appendix F, Appendix G
and Appendix H]. The included studies were then analyzed to
extract relevant factors, including accuracy, reliability,
uncertainty, human oversight, task-related risk, data quality, and
usefulness, which were grouped into broader themes to support
the analytical framework [Appendix G].

AI tools, such as ChatGPT, Gemini, and Copilot, were used to
support the summarization of articles, the first screening process,
and the organization of the appendix. To ensure academic
integrity and mitigate the risk of Al "hallucinations,” the team
implemented a strict verification protocol [Appendix E].
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While AI supported the initial skimming of records, all inclusion
decisions, interpretations, and final coding were performed and
verified by the group [Appendix H and Appendix G]. Every
citation and interpreted finding was manually cross-referenced
against the original full-text source to ensure accuracy and
prevent the inclusion of fabricated data.

2.1 Inclusion/Exclusion Criteria

Regarding the screening process, a large number of articles
initially appeared relevant to the topic under investigation.
However, a set of inclusion and exclusion criteria was applied to
ensure consistency and relevance in the selection. The primary
criteria included: publication date, context and target, topic,
system scope, and source type. This systematic screening process
enabled the identification of the most pertinent studies for the
proposed framework, while excluding those that were not
sufficiently aligned with the research objectives.

Table 1: Inclusion and Exclusion Criteria

Criterion Inclusion Exclusion

Date After 2016 Before 2016

Context and Medical Case-specific

Target professional without  general
contexts insight

Topic Factors Does not focus on
influencing trust, the research
reliance and question
decision-making
processes

System Scope Al or algorithmic No involvement
systems with Al

Source Type Credible and Unreliable sources

reliable sources

3 Framework

3.1 Al systems characteristics

An important factor in determining whether workers place trust
in Al systems is their understanding of how these tools operate
and perform. When Al systems are perceived as accurate and
reliable [14] [18], workers are more likely to trust them and
integrate them into their daily tasks.

However, the level of trust may vary depending on the specific
work the Al system has to perform; for example, studies show that
workers may trust Al differently when it is used for image
recognition, risk prediction, or professional decision support [21]
[44].

On the other hand, when AI tools are inconsistent or poorly
functioning [7] [16], trust and confidence are reduced, particularly
in professional contexts where decisions may directly impact
significant outcomes.

One important aspect that workers should consider is that, even
when Al systems appear accurate and reliable, their output may
still be affected by uncertainty and unpredictability [19] [20]. In
some cases, Al systems can generate incorrect or misleading
information [17] [19] while presenting it with high confidence.
This phenomenon is known as AI hallucination [12]. Such errors
are often difficult to detect and may increase risks for

stakeholders.

Another important factor that influences trust in Al systems is
their level of transparency. Many Al tools operate as “black boxes”
[27], meaning that they provide results without clearly explaining
how those results were obtained. This lack of transparency can
make it difficult for workers to interpret and verify Al outputs [4]
[21]. Humans have a very high need to understand how things
work to be able to trust them, and this lack of clarity may
discourage them from relying on Artificial Intelligence, especially
when high-stakes consequences are at risk.

Recent literature explains how Al systems that are easy to
understand may help overcome this issue by making the decision-
making process more interpretable and understandable for
workers [29] [30].

Data quality and the presence of bias also play an extremely
important role [14] [16] in the gain of trust in Al systems. Al
models that have been trained on limited or biased datasets may
produce unreliable or non-generalizable results [18], especially if
applied to new contexts to them unknown. These limitations
increase uncertainty and may reduce workers’ confidence in Al-
supported decision-making.

The "black box" nature of Al manifests when a system provides
high-confidence recommendations without exposing its
underlying logic or mathematical weighting. This lack of
transparency becomes dangerous when combined with
algorithmic bias; for instance, a tool trained primarily on adult
male datasets often exhibits decreased accuracy when applied to
outlier groups, such as pediatric patients or underrepresented
ethnicities. Without human validation to bridge these
transparency gaps, such biases can go undetected, resulting in
significant professional errors [27].

For example, in fields involving complex analysis and critical
decisions, where Al could achieve important results, human
validation remains necessary to ensure safe professional use [31].

Overall, our findings suggest that trust in Al systems is strongly
influenced by perceived reliability, transparency, and consistency
[21]. However, the presence of uncertainty, potential errors, and
system limitations emphasizes the need for constant human
oversight and validation, making it clear that trust in Al must be
well-calibrated.

3.2 Human factors

Workers’ trust in Al is also strongly influenced by human-related
factors. The level of expertise, knowledge and ability to
objectively evaluate the Al system play an important role in how
workers decide whether to trust Al systems [9] [15] [26].

When workers have enough knowledge to verify the results given
by Al they are more likely to use Automative tools appropriately.
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On the other hand, when the task goes beyond their level of
knowledge, it becomes more difficult to verify the outputs,
increasing the risk in relying on the system too much without
fully understanding whether the result is correct or not [12] [19]
[20].

Becoming familiar with AI systems also has a significant impact
on trust. Workers who are more exposed to these tools and have
received proper training [15] [26] tend to feel more confident in
using them. A lack of knowledge and experience often leads to
hesitation on relying on Al even when technology could be
useful.

Repeated exposure to Al tools during the education period and
daily practice may increase familiarity and confidence, shaping
trust over time [26].

Another important aspect is how the Al systems are perceived by
the professional users. Some factors that could greatly damage
trust-building could be concerns about errors, ethical issues, or
even the possibility of being replaced [4] [5]. This shows that trust
is not only based on how well the system works, but also on how
users feel about it and how comfortable they are interacting with

it [8] [9].

On the other hand, too much trust can also become a problem. If
workers rely too heavily on Al without being able to fully verify
the results, they may accept results without questioning the
answers enough. This can lead to incorrect decisions and reduce
their critical thinking during the decision-making process, leading
to significant risks for stakeholders [28] [46].

3.3 Task characteristics

In this paragraph we want to analyze the nature of different tasks
that play an important role in determining whether trust in Al
should be given or not. Rather than replacing the workforce, Al is
starting to be seen as a collaborative tool that can help human
expertise. [34] [45].

In particular, the level of risk associated with a task [14] [21]
influence how much workers are willing to rely on AL In high-
risk situations, such as critical decision-making, workers tend to
be more cautious and are less likely to fully trust Al without
additional proof.

Another important component is time [13]. In time-sensitive
situations, workers may be more inclined to rely on Al systems to
support faster decision-making, even if this involves a certain
level of uncertainty. This can increase trust in Al especially when
immediate action is required.

The complexity of the task can also affect trust [7] [14]. When
tasks are complex or go beyond what the worker knows, Al
systems may be perceived as more useful, which can increase
reliance. However, in these situations, the ability to verify the
output is often overlooked, increasing the risk of over-trust. Al
performance may vary depending on the specific professional
task, meaning that trust should be calibrated differently based on
the application [44] [48].

One final element to take into consideration is the possibility of
verifying Al outputs. When workers can cross-check the results,
they are more likely to trust Al systems. When verification is

difficult [12] [19] or not possible at all, trust becomes harder to
give out.

3.4  Organizational and contextual factors

One final factor we would like to consider is the organizational
and contextual environment in which the AI tool would have to
be used.

Issues related to responsibility and accountability [4] [5] can
strongly influence how comfortable workers feel when relying on
these systems.

In most professional environments, workers are ultimately
responsible for their decisions, which can make them more
cautious in trusting Al, especially when the consequences of
errors are very significant.

Regulation also contributes to trust [4] [6]. The presence of clear
guidelines, rules and standards can increase confidence in AI
systems by making sure that they bring safety and quality.

Uncertainty regarding legal responsibility and lack of regulations
may discourage workers from relying on Al, even when the
technology is effective.

Another important aspect is how well Al systems integrate into
how people are already used to working [6] [13]. When Al tools
are incorporated smoothly into professional practice and support
decision-making, workers are more likely to trust them. Well-
integrated digital workflows may facilitate Al inclusion in the
work process and increase trust by reducing disturbance to
already established professional routines. [46] [47].

Overall, these findings suggest that trust in Al is not only an
individual or technical issue but also depends on the larger
environment in which technology is implemented. This brings to
light the importance of considering regulations, laws, and leaving
no space for legal grey areas in any specific field of work.

3.5 Interaction of Factors

Trust is not a static response to individual dimensions but a
dynamic state emerging from their interaction. A critical
synthesis of the literature reveals that the Over-Trust Risk is most
acute when High Task Complexity intersects with Low User
Expertise. In these instances, the worker's inability to verify the
"black box" logic results in a statistical shift toward uncritical
acceptance of algorithmic outputs.

On the other hand, the Under-Trust Barrier creates a paradoxical
situation where objectively high-performing systems are rejected.
This typically occurs when Persistent Legal Ambiguities and a
Lack of Transparency align, forcing professionals to prioritize risk
mitigation and personal accountability over the potential benefits
of Al-supported efficiency. This suggests that "accuracy” alone is
insufficient for calibration if organizational and system
transparency factors are not simultaneously addressed.

Finally, Trust Calibration is fundamentally a developmental
process of Familiarization. Beyond simple training, it requires
repeated exposure during professional education to empower



Group ID: Dogtooth

workers to identify "anomalous” cases. This evidence suggests
that the most effective way to prevent both over-reliance and
under-reliance is through a balanced integration of high system
transparency and advanced user domain knowledge.

3.6 Trust Calibration Checklist

To put into practice the analysis of the framework, the following
checklist provides direct questions that workers should ask before
delegating a task to an Al system [28] [46].

Table 2: Questions to ask before delegating a task

Dimension  Question High-risk indicator
Con 1 s T

System how the Al reached

. » transparency or
this result? .
explainability

Human ‘Do I have the The task exceeds the
specific expertise to  user’s current
spot a subtle Al knowledge or ability to
mistake in this verify the output
task?”

Task “What are the The task involves high-

consequences if risk decision-making
this  output is or irreversible

wrong?” outcomes

Organization “Is there a clear There is uncertainty
protocol for regarding legal
accountability in  responsibility
case an  error
occurs?”

Beyond the checklist, professionals should adopt a "double-
check" protocol for any Al recommendation involving
irreversible outcomes. This involves a secondary manual review
or a peer consultation when the AI output contradicts clinical
intuition, effectively bridging the gap between ethical theory and
day-to-day operational reality.

4 Worked Use Case: Al in Dentistry
4.1 Real-world relevance

The factors previously identified can be observed by considering
the use of Al in dentistry, in areas such as diagnosis, treatment
planning, and clinical decision support. Al systems are
increasingly being used to analyze clinical images, assist in
identifying dental conditions, and support decisions such as
specific treatments [10] [24]. Some AI tools have already been
FDA-cleared (cleared by the Food and Drug Administration) for
applications such as dental imaging analysis, supporting the
practical relevance of this use case [25]. These applications vary
from automated diagnostics and radiographic interpretation to
treatment planning, workflow optimization, and decision support
during clinical practice [6] [24].

4.2 Al system characteristics in dentistry

In this specific field, trust is influenced by the accuracy, reliability,
and ability of verification of these tools. For example, while Al can
support the analysis of radiographic images or intraoral scans,
issues such as limited generalizability, lack of transparency, and
potential bias may reduce confidence in the results [16]. The
“black box” scheme of many Al systems makes it difficult for
practitioners to fully understand how decisions are made,
demonstrating the need of human validation [27].

Within this use case, the risk of bias is evident in tools used for
radiographic interpretation. If an Al model is trained primarily on
adult dental scans, its ability to identify conditions in pediatric
patients or those with rare orthodontic anomalies may be
compromised. Because the dentist cannot always "see" the math
behind the AI's detection (the black box), they must manually
verify each highlighted anomaly against their own clinical
expertise to ensure the system is not hallucinating a diagnosis or
missing a critical factor due to biased training data [27] [32].

4.3 Human factors

Human factors also play an important role. Dentists must have
sufficient knowledge and training to evaluate AI outputs and
include them in their decision-making process. A lack of
familiarity with AI tools can lead to setbacks, while limited
expertise may increase the risk of over-trust. In contrast, proper
education and exposure to Al technologies can support more
informed and balanced use.

4.4 Task characteristics

The characteristics of the task also influence trust. In high-risk
clinical decisions, such as treatment planning, dentists are more
likely to carefully verify Al recommendations before fully relying
on them [14] [21]. At the same time, in situations where tasks are
complex or time-consuming, Al may be perceived as particularly
useful, increasing trust despite the presence of uncertainty.

Overall, the application of our research in the dentistry field
illustrates how trust in Al is not determined by a single factor, but
it emerges from the interaction between system, human
capabilities, tasks, and organizational context. This confirms the
relevance of our framework in understanding how workers
consider and use Al in real-world situations.

5 Gaps And Future Of Work

Looking at the future of work, the integration of Al is likely to
transform professional roles rather than fully replace them.
Beyond healthcare, Al is expected to reshape the work dimension,
creating both opportunities and concerns related to job
opportunities and displacements [36]. In healthcare, Al is
expected to act only as an assistance tool that supports human
decision-making rather than fully replacing it.

In contrast with the growing number of studies on Al in
healthcare, a lot of gaps still stand in understanding how workers
develop and calibrate trust in these systems.
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A large amount of the existing articles on this area of study focus
either on the technical performance of AI or on ethical
considerations, while not that many studies address the decision-
making process of workers and how the decision of giving (or not
giving) trust evolves in real-world scenarios. In particular, there
is limited empirical evidence on how different factors interact in
the real work field and how workers regulate their trust over time
when exposed to Al systems.

Another important gap concerns the role of training and
education. While several studies bring to light the importance of
AT studies, there is still a lack of clear paths on how to actually
prepare healthcare professionals to evaluate and use Al tools. On
the same note, issues related to accountability and law regulation
remain only partially addressed, creating uncertainty that may
influence trust.

As for healthcare, Al is expected to act as a support tool that
expands human decision-making, rather than fully automating
and replacing it. This will require workers to develop new skills,
such as the ability to interpret AI outputs, identify potential
errors, and understand when the trust is to be given or when to
trust their own instincts.

Future research should also focus on how trust can change in
rapidly evolving diagnostic applications in fields such as
pathology, endoscopy, and clinical decision support [21] [45] [46].

Overall, we believe that future research should focus on
understanding how trust in Al develops over time, how it can be
effectively calibrated in different contexts, and how training,
regulation, and better design can support safer and more effective
collaboration between workers and Al

6 Conclusion

This scoping review explored the factors that determine whether
workers trust Al and when that trust can be considered well
calibrated. By analyzing the existing literature on this issue, it was
possible to identify four main dimensions influencing trust: Al
system characteristics, human-related factors, task characteristics,
and organizational or contextual factors.

The research suggests that trust in Al is not a fixed or automatic
response, but a dynamic process, modified by the interaction of all
these dimensions. Factors such as accuracy, transparency, data
quality, user expertise, task complexity, and accountability all
contribute to how workers evaluate AI outputs and decide
whether to trust them.

The worked use case in dentistry demonstrates how these factors
interact in a real-world healthcare setting, confirming the
hypothesis stated in the framework. At the same time, the
literature shows that trust must be calibrated really carefully. Both
under-reliance and over-reliance on AI may lead to unsafe
outcomes, highlighting the need for constant human oversight
and evaluation.

Overall, as Al becomes increasingly integrated into professional
healthcare practice, understanding and supporting well-calibrated
trust will be essential to maintain a safe, effective, and responsible
human-AlI collaboration.
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Appendix

Appendix A: Databases

The search was mainly conducted on Google Scholar, Scopus,
ResearchGate, WebofScience and PubMed. The reason behind this
choice was to ensure good coverage of research and to provide
access to scientifically reliable sources, which can be more
appropriate for academic purposes compared to general search
engines.

Appendix B: Dates
The search was conducted between March and April of 2026.
Articles going back further than 2016 were excluded to provide

focus on more recent development in the use of Al in the medical
field.

Appendix C: Search Strings

Relevant studies were identified using various combinations of
keywords related to Al the healthcare world and more specifically
the orthodonture world.

Keywords were also directly used on the search string to broaden
the results.

Table 3: Search strings used per concept area

Concept Search Strings

Medicine and AI “Artificial intelligence” OR
“medicine” OR “dentistry” OR

“use of Al in medicine”

Ethical aspects of Al applied “AI” AND “orthodontist”
to dentistry

Ethical aspects of Al applied “Trust and dentistry” OR
to medicine “worker trust” OR “trust in
AI” OR “parameters of trust”

OR “trust calibration”

Well-balanced trust between “Should doctors trust AI?”
doctors and Al

“Black  Box
Medicine”

The “Black Box problem” applied in

Appendix D: Coding Scheme
For all the articles we decided to include, we then identified and
extracted relevant factors useful to our research question. Some of
the most determining factors were:

e Accuracy and reliability

e  Uncertainty and unpredictability

e  Task risk and responsibility

e  Stakeholders affected

e Common need of validation through human oversight

e Data quality and lack of biases

e Actual usefulness of Al in the medical field

Appendix E: Use Of AI Tools

Al tools such as ChatGPT, Gemini and Copilot were used in the
coding and screening processes to support the identification of
key themes and summarization of articles. These tools were also
used as a general support to verify completeness and
righteousness of the appendix, to ensure it followed the general
scoping review guidelines. It was also used during the review’s
correction following the peer reviews, to understand how to
properly insert references in the paper.

Appendix F: Screening Process

The screening process was conducted by firstly screening titles,
then screening abstracts and lastly full-text review. Groups of
team members reviewed a subset of articles evaluating the
relevance to our specific research question: “What factors
determine whether a worker trusts Al to perform a task, and when is
that trust well calibrated?”. Some articles per partially
included/dismissed when only specific paragraphs where helpful
in giving generalizable insights.
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Appendix G: PRISMA-ScR flow diagram

1)

Chart 1: flow diagram regarding the screening process

Studies identified from:
Google Scholar (103)
Scopus (74)

PubMed (17)
ResearchGate (28)
WebofScience (27)

!

Records screened

!

Reports sought for retrieval
(87)

v

Reports assessed for eligibility
(51)

Studies included in review
(48)

First elimination: by entering the search strings and
the keywords on the search engines we were able to
identify a total of 249 articles based on title-screening
process. A large sum of them were immediately
dismissed as they did not meet the inclusion/exclusion
criterion previously described, resulting in a remaining
pool of 138 articles.

Second elimination: with the help of Al tools we
skimmed through the abstract, leaving a total of 87
articles for further analysis.

(138) I

Records removed before screening:
Duplicate records removed
(25)

Records marked as ineligible
by automation tools (47)
Records removed for other
reasons (39)

Records excluded by Al

(39)

Records excluded by the team
(12)

Reports not sought for retrieval
(36)

Reports excluded:
Duplicated articles (3)

Final screening: we finally skimmed through the
entire texts (with the help of Al tools); this screening
process resulted in the selection of 51 articles.

Final review: a full text review was then conducted,
and we were able to retain 48 articles in our scoping
review.
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Appendix H: Coding scheme

Table 4: Coding scheme of the 48 included sources, organized by Source, Factor, Code, Theme and Evidence Type

Source Factor Code Theme Evidence Type
[1] Development of Al in medicine Evolution of AI Al systems Review

[2] Ethical implications of Al in medicine Ethical concerns Organizational Theoretical
[3] Al in medical writing Reliability concerns Al systems Review

[4] Ethical implications in medical education Ethical concerns Organizational Review

[5] Ethical issues in healthcare Al Ethical concerns Organizational Review

[6] Al in dentistry practice Integration barriers Organizational Empirical
[7] Al performance vs limitations Performance limitations Al systems Review

[8] Ethics in dental education Ethical concerns Human factors Review

[9] Al awareness in students User knowledge Human factors Empirical
[10] Al in orthodontics Clinical applications Task characteristics Empirical
[11] Al in orthodontics diagnostics Diagnostic support Task characteristics Empirical
[12] LLMs in medicine AT hallucinations Al systems Review
[13] Al in clinical practice Clinical integration Organizational Empirical
[14] Al in health and medicine Reliability concerns Al systems Review
[15] Knowledge of Al tools User knowledge Human factors Empirical
[16] Opportunities and challenges of Al Performance limitations Al systems Review
[17] LLM responses in dentistry Reliability concerns Al systems Empirical
[18] Precision medicine and Al System performance Al systems Review
[19] GPT-4 in medicine Use and risks Al systems Review
[20] ChatGPT in medicine Use and risks Al systems Review
[21] Al in clinical medicine Diagnostic support Al systems Review
[22] Al in dentistry Integration barriers Organizational Review
[23] LLMs in dentistry Human-Al interaction Human factors Review
[24] Al in dentistry Clinical usefulness Task characteristics Empirical
[25] Al device development Evolution of Al Al systems Practice
[26] Al in education and training User knowledge Human factors Review
[27] Transparency in Al Black box problem Al systems Theoretical
[28] Human factors influencing trust in healthcare Al Trust determinants Human factors Review
[29] Factors influencing trust in medical Al Explainability and trust Al systems Review
[30] Trust factors in Al-healthcare integration Trust determinants Human factors Review
[31] Ethical considerations in AI/ML in healthcare Human validation needed Al systems Review
[32] Trust in black box algorithms Black box problem Al systems Theoretical
[33] Fairness of Al in healthcare Biases and fairness Organizational Review
[34] Human factors and clinician trust Job displacement concerns Human factors Theoretical
[35] Explainability for Al in healthcare Explainability Al systems Review
[36] Workforce implications of ML Job displacement concerns Organizational Theoretical
[37] Al in healthcare data management Precision medicine Al systems Review
[38] Medical students’ perceptions of Al User perception Human factors Empirical
[39] Al-based multi-omics in cancer Future clinical applications Task characteristics Review
[40] Attitudes toward Al in healthcare User perception Human factors Empirical
[41] Determinants of Al adoption in healthcare Adoption factors Human factors Empirical
[42] AI/XR-enabled telemedicine acceptance Clinical usefulness Task characteristics Empirical
[43] Secure and trusted Al in healthcare Human-AlI collaboration Organizational Review
[44] GPT-4 diagnosing clinical cases Task-specific trust Task characteristics Empirical
[45] High-performance medicine Future clinical applications Task characteristics Review
[46] Trust in Al-based CDSS among health care workers Trust calibration Human factors Review
[47] Effect of Al on patient-physician trust Workflow integration Organizational Empirical
[48] Trust and Al in healthcare Trust determinants Human factors Review
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Appendix I: Framework diagram

Chart 2: Diagram on the framework about factors influencing Trust in AI and Trust Calibration in Healthcare

Organizational and Contextual Factors
Organizational Culture
Policies and Governance

Al Systems Characteristics
Accuracy and Reliability
Transparency and Explainability
Uncertanty and Confidence Informations
Data Quality
Safety

Workflow Integration
Support and Reasources
Legal and Ethical Considerations

CALIBRATED

TRUST IN AI

Task Characteristics Human Factors
Task Complexity
Risk and Consequences
Ambiguity and Uncertainty of the Task

Expertise and Experience
Familiarity with Al
Training and Education
Cognitive Biases
Attitude and Perception

Decision Type
Frequency and Routine

Appendix J: ZIP Archive
Link to the ZIP archive:

https://drive.google.com/file/d/1IF8m7KO Q5JixzCrFrpSfKkdqzBLX3Gl/view?usp=sharing

Appendix K: Dogtooth Team members

Samin Nour Azaran; s324057 @studenti.polito.it
Francesco Sergio Blandino; s320524@studenti.polito.it
Giorgia Brusa; s341200@studenti.polito.it

Elisa Ciani; s340642@studenti.polito.it

Elena Corio; s342703@studenti.polito.it

Bruno Yael Zambrano Rios; s337077@studenti.polito.it
Alessandro Russo; s328917 @studenti.polito.it

Sarvar Toshmurodov; s334729@studenti.polito.it
Sonia Visco; s341763@studenti.polito.it

Erika Zhou; s335819@studenti.polito.it

10



