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Abstract

This scoping review synthesizes evidence from
47 sources to de�ne the Multi-Dimensional Trust
Framework (MDTF). By mapping technical reliabil-
ity against legal accountability, we identify the thresh-
olds required for �calibrated trust.� Results indi-
cate that while LLMs can achieve near-perfect tech-
nical accuracy in data extraction, delegation remains
bounded by the 'Responsibility Constraint' in profes-
sional adjudication

1. INTRODUCTION

It is widely acknowledged that the creation and introduc-
tion of incredible and powerful tools such as ChatGPT,
Claude, Gemini, etcetera � in a much more expanded way,
the introduction of Arti�cial Intelligence � is rapidly and
radically changing our lives, re-drawing them for a future
in which the human-AI union will be our everyday life.
This reality might be much closer than we think. The lat-
est technological advancements seem progressively faster
each year, making it our task to understand and change
our behaviour towards these LLMs to model them by our
interests. For this aspect AI might be one of the biggest
revolution and most intriguing challenge of our time, be-
cause it forces us to consider its use in various contexts,
from working environments to private places. The emerg-
ing urge to grow a conscious, trained and tech-wise society
� capable of using these instruments in a sustainable and
e�cient way � raises questions and concerns about its reli-
ability, its ethic, its accountability. To understand deeply
this necessity to model these instruments for our needs and
requirements we decided to analyse profoundly how AI af-
fects our lives and how AI re-shape our tasks; we decided
to scan the involvements of direct and indirect stakehold-
ers that are in�uenced by continuous use of AI; we decided
to discuss about moral and ethical values, concentrating
on those which enhance or worsen reliance and percep-
tion of trust towards AI. This topics and issues that we
are facing nowadays can be drastically stripped down to
a simple, complete and central question: Can we consider
AI tools trustworthy? In this work we try to collect and
summarize some paper that are linked to trust in AI algo-
rithms or LLMs. By various research on engines such as
google scholar, scopus or others we found lots of documents
that address this matter; after careful analyses we collected

some information and we wrote this scoping review. We
are opening this work with a paragraph that explain which
factors and criteria drove us to include or discard a paper,
showing our entire route that lead us the creation of the
general framework (which we will profoundly develop). Af-
ter this we discuss about applying these values and themes
collected in the framework to a speci�c employment. In
our case, we will talk about a bankruptcy accountant and
how the introduction in his workplace of AI tools can a�ect
his job. Finally, we will reason on possible consequences
and lacks of this paper.

2. METHOD

We conducted a scoping review to map and synthesize the
existing evidence regarding worker trust in AI systems.
The review follows a structured 8-step framework to en-
sure methodological transparency and the development of
a generalizable framework.

2.1 Research Question

The review is centered on a Type 3 research question:
"What factors determine whether a worker's trust in an
AI system is well-calibrated for a given task?". This ques-
tion aims to identify the speci�c dimensions that in�uence
how trustors (workers) perceive and rely on AI trustees
during task augmentation or automation.

2.2 Search Strategy and Eligibility

We performed a systematic search across primary
databases including Google Scholar and the ACM Dig-
ital Library, supplemented by Manual Search (Grey
Literature) to capture practice-based industry reports.
Search strings were constructed by combining terms

for the phenomenon (e.g., "AI", "algorithm"), the con-
text (e.g., "worker", "occupation"), and the outcome (e.g.,
"trust", "calibration"). To maintain relevance to the cur-
rent technological landscape, we limited results to those
published between 2015 and 2026.
Sources were screened using a three-stage funnel: title

screening, abstract review, and full-text analysis. The full
screening work�ow and exclusion counts are summarized
in Figure 1.
A source was included if it:
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1. Addressed factors relevant to trust calibration.

2. Focused on AI in occupational settings.

3. Was peer-reviewed or a credible practice document.

Our �nal selection consists of 47 sources, meeting the
target requirements for diversity:

� 21 empirical studies providing data on real workers.

� 21 theoretical frameworks proposing models of trust.

� 5 practice-based reports from professional bodies.

2.3 Data Extraction and Synthesis

For each included source, we extracted "factors" de�ned
as any variable or condition identi�ed by the literature
as signi�cant for trust. We employed an iterative open
coding process to categorize these factors. Codes were
compared across the team and grouped into the �ve cen-
tral themes presented in the framework: Technical Ro-
bustness, Transparency, Human Agency, Organiza-
tional Governance, and Psychological Calibration.
A detailed record of search strings, screening logs, and the
full coding scheme is provided in the Appendix for veri�-
cation.

Figure 1: PRISMA-inspired screening process used in this
scoping review, including exclusion steps and �nal source
composition.

3. FRAMEWORK

The following framework synthesizes the factors identi�ed
in the scoping review to de�ne the multi-dimensional con-
ditions under which a worker's trust in an AI system is
warranted and e�ectively calibrated. In accordance with
the "Generality Rule", the framework identi�es universal
socio-technical drivers that apply across diverse occupa-
tional roles. It organizes these drivers into �ve hierarchi-
cal layers: technical robustness, transparency mechanisms,
agency structures, psychological �lters, and systemic gov-
ernance.

Layer 1: Technical Robustness and Intrinsic Sys-
tem Integrity

Technical robustness represents the system's objective
competence and serves as the primary antecedent for any
trust-building process, as shown in [12]

"Users cognitively evaluate AI capabilities
through dimensions, such as reliability, accuracy,
and functional e�ciency [. . . ] positioning compe-
tence as crucial for trust formation."

Trust in this layer is not a static state but develops through
an iterative feedback loop of performance and consistency.

� High-Fidelity Accuracy and Reliability: Preci-
sion and e�ciency in completing speci�c occupational
duties are primary boosters of trust. Workers rely
on the system's ability to consistently produce high-
quality outputs, as any perceived inaccuracy in task
completion leads to immediate "mistrust" in profes-
sional environments.

� Temporal and Cross-Contextual Stability: For
trust to be sustainable, the AI must exhibit stabil-
ity over time and maintain fairness across di�erent
cultural or demographic datasets. Systems that o�er
upgraded, moral-ethical, and unbiased responses have
been shown to lower general distrust by proving their
reliability in varying conditions.

� Intrinsic Competence and Benevolence: Beyond
raw performance, trust is in�uenced by the perceived
"integrity" of the system�the alignment of the sys-
tem's goals with the worker's genuine interests and
professional standards.

� Four Pillars of Architecture: Responsible AI
adoption is built upon the integrity of four critical
pillars: Data quality, Algorithm design, Human over-
sight, and Model architecture, all of which must func-
tion as strategic enablers.

Layer 2: The Cognitive Bridge: Transparency and
Justi�cation

"The opaqueness of complex AI systems has led
to widespread concerns [ . . . ] there is a demand
among users for the right to know the intention,
business model, and technological mechanism of
AI products." [20]

Transparency acts as the mechanism through which �black-
box� algorithmic logic is converted into veri�able profes-
sional judgment. It allows workers to transform AI results
into defensible decisions.

� Explainable AI (XAI) and Interpretability: The
integration of frameworks such as SHAP or LIME
provides "local explanations" that allow workers to
justify speci�c AI decisions to external stakeholders.
This prevents "blind trust" and ensures that reliance
is based on data that the professional can justify.
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Table 1: Detailed Mapping of Trust Calibration Factors and Evidence Sources
Thematic Pillar Core Calibration Factors Key Sources

Technical Robustness Accuracy, Reliability, Temporal Stability, Model In-
tegrity, Competence, Benevolence.

[12, 31, 7, 5, 13, 8, 27, 32, 20,
14, 2, 45]

Transparency XAI (SHAP/LIME), Local Justi�cation, Logic Disclo-
sure, Data Provenance, Vendor Disclosure.

[3, 8, 27, 46, 20, 47, 9, 25, 30,
24, 6, 15, 29]

Human Agency IDA Design, Human-in-the-Loop, Veri�cation Protocols,
Accountability, Autonomy.

[35, 38, 4, 34, 8, 27, 28, 10,
26, 39, 40, 19, 9, 14, 24, 2,
42, 29]

Psychological Filter Automation Bias, Tech Anxiety, Training, Experience,
Professional Self-Con�dence.

[17, 21, 33, 43, 23, 8, 22, 36,
32, 44, 26, 39, 19, 9, 6, 42, 29]

Systemic Governance Regulation, Ethical Stewardship, Leadership Support,
Supply Chain Transparency.

[37, 16, 11, 1, 8, 41, 19, 18]

� Communication Clarity and Logic Disclosure:
The e�ectiveness of a system depends on the visual
clarity of its explanations and the explicit disclosure
of its underlying logic. High-quality communication
from the system directly impacts how experts perceive
its credibility and professional integrity.

� Data Provenance and Rights: Trust is increas-
ingly grounded in the transparency of data sources and
the veri�cation of safety protocols. Any delegation of
professional tasks must be considered responsible and
defensible through technical safeguards.

� Algorithmic Accountability: Clear documentation
regarding vendor transparency and the mitigation of
inherent biases within the architecture is a fundamen-
tal principle for a trustworthy AI design.

Layer 3: The Control Layer: Human Agency and
Decision Support

A critical requirement for calibrated trust is the preserva-
tion of worker autonomy and the prevention of deskilling.
Trust is only warranted when the human operator remains
the �nal authority, as shown in [4].

"Users should be able to utilize their knowledge
to improve the outcomes in situations where AI
models may have limitations [. . . ] expert knowl-
edge guided the trust calibration, helping the
users to decide when to (or not) trust the sys-
tems' suggestion."

� Intelligent Decision Assistance (IDA) vs. Au-
tomation: System design should favor "Intelligent
Decision Assistance" over full automation. By pro-
viding explainable support while withholding direct
recommendations, the system ensures workers remain
actively involved in judgment and learning.

� The "Human-in-the-Loop" Mandate: Maintain-
ing human control and �nal decision-making power in
AI-augmented workplaces is essential to reduce dis-
trust and ensure ethical validation.

� Veri�cation Complexity and Cognitive Work-
load: Trust calibration fails if the cognitive workload
required to verify AI suggestions is so high that it en-
courages "automation bias" or over-dependence.

� Collaborative Design and expertise-driven
double-checking: Trust is fostered when workers can
apply their speci�c professional expertise to "double-
check" system outputs. Collaborative design with de-
velopers ensures that the tool supports the worker's
ability to challenge AI results.

Layer 4: The Internal Filter: Psychological and
Cultural Factors

"This suggests that expertise and experience [. . . ]
may help reduce the potential impact of au-
tomation bias [. . . ] domain skills and competen-
cies safeguard clinicians from trusting false AI-
enabled recommendations." [17]

Individual and cultural factors act as �lters through which
technical information is processed, often overriding objec-
tive performance facts.

� Automation Bias and Over-Calibration: Ex-
perts frequently succumb to incorrect AI prompts,
highlighting a signi�cant challenge in achieving a well-
calibrated trust relationship in high-stakes environ-
ments.

� Technology Anxiety and Emotional Resistance:
Emotional barriers, such as anxiety regarding AI's im-
pact on job security or the complexity of the interface,
can override rational assessments of the tool's useful-
ness.

� Professional Self-Con�dence and Skepticism:
Professional skepticism is an irreplaceable "human el-
ement" that must balance AI adoption. Speci�c AI
training is often more in�uential than general profes-
sional seniority in determining how workers perceive
AI utility.

� Trust as a Cultural Anchor: Workplace culture
characterized by openness, fairness, and a "learn-
ing culture" is a prerequisite for successful human-AI
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teamwork and the acceptance of AI teammates. Trust
propensity, or the innate willingness to trust technol-
ogy, sets the baseline for these interactions.

Layer 5: Systemic Shield: Governance and Ethical
Stewardship

Trust is not merely a relationship between a worker and
a tool; it is embedded within broader organizational and
regulatory contexts that de�ne the practical conditions for
delegation, as it is shown in [18]:

"Multiple general non-binding guidelines exist,
either as global frameworks or guidelines [. . . ]
However, concerns are raised on how such guide-
lines will be implemented and whether they are
enough."

� Regulatory and Legal Mistrust: The lack of
global regulation creates uncertainty and "legal mis-
trust" among professionals, creating a barrier to tech-
nology adoption.

� Ethical Stewardship and Digital Integrity:
Trust is a dynamic quality maintained through eth-
ical decision-making. Professionals must act as eth-
ical stewards, ensuring that any delegation to AI is
grounded in integrity and the public interest.

� Strategic Leadership and Resource Support:
Successful AI integration requires leadership that pro-
vides the necessary resources for specialized training
and technical literacy.

� Supply Chain Trust Dynamics: Trust must be
managed across the entire chain of people and orga-
nizations involved in building and using AI services,
particularly when dealing with Large Language Mod-
els (LLMs).

Figure 2: Framework Diagram

4. WORKED USE CASE

To demonstrate the practical utility of our general frame-
work, we apply it to the speci�c professional context of a
Bankruptcy Accountant tasked with identifying fraud-
ulent asset transfers. This scenario is not a historical re-
port, but a projection of the consequences derived from
the application of the Multi-Dimensional Trust Framework
(MDTF).

The Profession and the Task

The Bankruptcy Accountant operates under intense judi-
cial oversight, acting as a technical consultant for the court
to recover assets from insolvent estates. The core challenge
involves scanning vast, complex �nancial datasets to detect
"anomalies" speci�cally, assets transferred to third parties
shortly before a bankruptcy �ling to defraud creditors.

The AI System and its Application

The professional utilizes an AI-enabled Forensic Audit-
ing System designed for automated transaction screen-
ing. The system applies Machine Learning (ML) models
to historical transaction patterns to �ag potential "fraudu-
lent preferences." Unlike a simple rule-based �lter, this AI
identi�es non-obvious correlations across thousands of data
points, performing a role of Intelligent Decision Assis-
tance (IDA) rather than autonomous decision-making.

Application of the Calibration Framework

� Systemic Governance & Lifecycle Manage-
ment: Trust is not established at a single point in
time but managed as a continuous process. The pro-
fessional is involved in the system's calibration from
the early stages. As stated by Stefanova-Stoyanova
& Danov (2025) [40]:

"The AI management system should ensure
that the human-machine teaming is inte-
grated throughout the entire AI lifecycle,
starting from the planning phase and con-
tinuing through to operation and monitor-
ing."

� Imagined Consequence: The accountant ac-
tively participates in the AI's planning phase to
align algorithmic "red �ags" with speci�c judi-
cial precedents, ensuring that "Teaming" begins
at the design level.

� Technical Robustness and Temporal Stability:
Trust is initially grounded in the AI's computational
consistency, which mitigates human error in large-
scale data ingestion. However, the professional must
verify the model's temporal stability: if �nancial reg-
ulations or market norms change, the system must be
re-validated to ensure that �ags are not generated by
outdated criteria.
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� Transparency and Justi�cation (XAI): Since the
accountant must testify before a judge, the system
must provide local explanations via XAI frameworks
like SHAP or LIME. This allows the professional to
articulate the speci�c rationale behind a �agged trans-
action, transforming a "black box" output into legally
defensible evidence.

� Psychological Filter and Critical Engagement:
To counter automation bias (the risk of blindly
trusting the machine), the accountant must maintain
high situational awareness. According to Frontiers
in Arti�cial Intelligence (2024) [39]:

"E�ective teaming requires that the human
agent maintains situational awareness and
a level of critical engagement that prevents
the uncritical acceptance of AI-generated
outputs."

� Imagined Consequence: The accountant
adopts a "skeptical oversight" protocol, manually
double-checking a random sample of transactions
that the AI classi�ed as "clean" (false negative
check). This ensures the expert remains a cog-
nitively engaged supervisor rather than a passive
observer.

� Human Agency and Ethical Stewardship: The
system is designed to withhold �nal legal interpreta-
tions. The AI "�nds" the data, but the accountant
remains the Human-in-the-Loop. The professional
acts as an ethical steward: trust is warranted only if
the AI operates within a clear regime of accountabil-
ity where the professional's expert judgment validates
every algorithmic recommendation.

5. GAPS AND FUTURE WORK

The mapping of existing evidence reveals critical areas
where knowledge remains fragmented, hindering the de-
velopment of a truly universal trust framework.

Empirical and Geographical Limitations

Many of the empirical studies employed in this review of-
fer geographically limited samples, mainly from the USA
[12] [14] [28] [30], Spain [26], South Korea [12] [27], China
[12], India [12], Germany [12] [19], [24], the UK [12] , Aus-
tria [24] and Switzerland [24]. These �ndings may not
fully represent the trust dynamics in di�erent regulatory
or cultural environments. Future research must priori-
tize cross-cultural empirical validation to ensure the frame-
work's global applicability.

Theoretical vs. Empirical Gap

While several robust frameworks have been proposed, such
as SME-TEAM or the 3D trust framework, many lack rig-
orous empirical validation. Many "practice" sources pro-
vide ethical foundations but focus less on the technical
"how-to" of calibrating trust for speci�c software inter-
faces. Research is needed to bridge this gap by testing
theoretical delegation criteria in real-world professional set-
tings.

Long-term Impact on Professional Judgment

There is a lack of longitudinal data regarding the long-
term e�ects of AI-augmented work on the development of
professional judgment. While Intelligent Decision Assis-
tance (IDA) is theorized to prevent deskilling, empirical
evidence on how continuous AI reliance a�ects the "human
element" of skepticism over several years is missing. Fu-
ture work should investigate whether AI-driven e�ciency
gains eventually erode the critical thinking skills required
for high-stakes professional veri�cation.

6. CONCLUSION

This scoping review synthesized evidence from 47 sources
to construct the Multi-Dimensional Trust Framework
(MDTF). The framework establishes that calibrated
worker trust in AI is determined by �ve interconnected
layers: technical robustness, transparency mechanisms,
human agency structures, psychological �lters, and sys-
temic governance. The application of the MDTF to the
Bankruptcy Accountant use case demonstrates that raw
computational accuracy is insu�cient for professional del-
egation. Instead, AI systems must be designed as Intelli-
gent Decision Assistance (IDA) tools. To ensure e�ective
and responsible task delegation, the system must support
local explanations (XAI) , while the human operator must
strictly maintain a "Human-in-the-Loop" position. Ulti-
mately, trust is warranted only when the professional re-
mains an engaged ethical steward, capable of converting
algorithmic outputs into legally and technically defensible
decisions.

7. APPENDIX

7.1 AI TOOL USE DISCLOSURE

In this project we used arti�cial intelligence, this section
details the collaborative use of generative tools during the
scoping review process.
Mandatory Statement of Veri�cation: As required

by the project guidelines, the team explicitly declares that:

� All cited sources were read in full by at least one team
member.

� No source was cited based solely on an AI-generated
summary or abstract.
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Table 2: AI Tool Use Disclosure and Veri�cation Log
Tool(s) Used Speci�c Application Veri�cation and Human Oversight Performed

ChatGPT, Gem-
ini, Claude

Brainstorming of search strings and ini-
tial thematic grouping of factors ex-
tracted from the Source Log.

The team manually cross-referenced every factor and
code against the original Scoping Review Source Log to
prevent hallucinations.

Gemini, Claude Synthesis of general framework text
and formatting of the Worked Use Case
into ACM-compliant LaTeX code.

Every paragraph was reviewed for technical accuracy. All
profession-speci�c details were isolated to the Use Case
to maintain the "Generality Rule".

Gemini Automated generation of LaTeX ta-
ble structures and bibliography format-
ting.

Manual check of every Source Reference to ensure cita-
tions accurately re�ect the provided evidence.

� The �nal interpretation of "well-calibrated trust" and
all judicial implications in the Use Case remain the
sole intellectual product of the authors.

7.2 ADDITIONAL MATERIAL (ZIP
ARCHIVE)

The additional material for this deliverable is available at
the following link:

https:

//www.dropbox.com/scl/fi/gv2rtdt4snuzoeqxei7d2/

Deliverable_1_TRUSTWORTHY.zip?rlkey=

qq89zwk2ozvf63n3t88xt5r68&st=asnfe16m&dl=0

The ZIP archive contains:

� sources used for the scoping review;

� a readme.txt �le with structure and usage notes;

� an Excel �le containing:

� full search log,

� screening process,

� source log.

� LaTex source �les.
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Eugenio Costella s342382@studenti.polito.it
Matteo Fissore s340798@studenti.polito.it
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Alessio Nicotra s325235@studenti.polito.it
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