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Abstract——The increasing spread of artificial intelligence 

(AI) applications underscores the necessity for an 

interdisciplinary initiative to ensure the trustworthiness of AI 

and its alignment to human values and security. A distinction is 

made between trustworthy AI and trust in AI. The former is 

defined by adherence to ethical, technical, and legal standards 

and describes an implementation perspective. The latter reflects 

a psychological perspective and focuses on the perception of 

users. For the implementation of trustworthy AI, ethical 

guidelines from institutions and companies, technical challenges 

in terms of explainability, robustness, and bias avoidance, and 

legal requirements are discussed. The user perspective is 

considered in two respects; first drawing from implementation 

guidelines provided by the human-centered AI approach. 

Second, while focusing on the perceptual perspective of trust in 

AI, findings of developmental psychology, cognitive science, and 

human–computer interaction are discussed. By connecting 

technical implementation, ethical and legal requirements, as 

well as psychological insights, we propose a comprehensive and 

holistic "trust-in-AI mix" to guide the development of AI 

systems that foster user trust in AI. 
 

Keywords— trust, trustworthy, artificial intelligence, technical, 

legal, ethical, requirements, psychology 

I. INTRODUCTION 

Artificial Intelligence (AI) has exhibited significant 
advancement in a multitude of tasks across diverse domains 
[1] and has demonstrated the potential to become a dominant 
technology in the coming years. AI can be defined as the 
simulation of human intelligence processes by machines, 
particularly computer systems [2]. These processes include 
learning (the acquisition of information and its utilization), 
logical reasoning (inferences) and self-correction. Interactions 
with AI applications have become an integral part of everyday 
life for many people, for example when using facial 
recognition to unlock a mobile phone or when speaking to a 
voice assistant [3]. The development of generative AI (e.g., 
ChatGPT) represents a profound advance in AI capability. 

Despite the rapid spread of AI, concerns on the protection 
of privacy or the prevention of bias, discrimination, 
hallucination and misinformation have been raised [4, 5, 6]. 
There is a consensus that any AI-based system must be 
compatible with human values, work in the interest of human 
safety and continue to give humans the possibility to influence 
the AI system [7]. Consequently, there is an increasing 
necessity for AI that is both trustworthy and responsive in 
terms of social and ethical considerations [8]. 

The issue of trust in AI systems, therefore, is a research 
issue in diverse domains. From a technical perspective, initial 
solutions for the technical challenges associated with building 
trustworthy AI systems exist [1]. An example is GAIA-X [9] 
in the European Union (EU), which has developed a technical 

 
framework for trustworthy AI. From the ethical and legal 
perspectives, countries and organizations have formulated 
guidelines and regulations to give orientation in the process of 
developing trustworthy AI. Examples are the "Ethics 
Guidelines for Trustworthy AI" [10] and the "AI Act" [11] in 
the EU, the program "Explainable Artificial Intelligence" 
(XAI) [12] in the U.S.A., or the "Governance Principles for a 
New Generation of Artificial Intelligence: Developing 
Responsible Artificial Intelligence" in China [13]. 

A further perspective focuses on the users of AI systems 
and forms a human-centered approach to artificial 
intelligence (HCAI) that complements the aforementioned 
perspectives. As a design framework for developing future 
AI solutions [14], HCAI can be defined as follows: "Human-
Centered Artificial Intelligence utilizes data to empower 
and enable its human users, while revealing its underlying 
values, biases, limitations, and the ethics of its data 
gathering and algorithms to foster ethical, interactive, and 
contestable use" [15]. Consequently, recent research has 
provided a comprehensive framework for HCAI with three 
fundamental dimensions – Technology, Ethics, User – and 
their interactions [5], as well as a corresponding 
methodological framework [14, p. 3] (shown in Figure 1). 

 

Fig. 1. A comprehensive HCAI framework (taken from Xu et al. [14, p. 3]) 

 

However, the extant guidelines to develop trustworthy AI 
systems do not adequately address the question of how end 
users actually build trust in AI systems [8]. Instead, the field 
seems to be predominantly driven by technical 
considerations [16], although there is consensus across 
research, industry, and policy regarding the necessity of 
human-centered aspects. However, rather abstract guidelines 
without a deeper understanding of how users develop trust in 
AI may limit the utility of the guidelines [17]. In addition, 
recent research [17] on the extent to which the EU design 
principles have been implemented through design rules in the 
major tech companies demonstrated only a partial fulfilment. 
A notable gap exists in terms of key human-centered 
requirements. Before this background, not only the human- 
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centered development of AI but also the question of human 
perceptions of trust in AI systems is of special importance. 

Therefore, the aim of the present article is to reinforce the 
human-centered perspective on AI in two respects. First, with 
respect to the HCAI idea of integrating technical, ethical/legal 
and user-centered aspects, we give an overview on the 
relevant AI design principles from these dimensions. Second, 
we add the perceptual (i.e. psychological) perspective with 
findings from the fields of cognitive science, developmental 
psychology, and human-computer interaction in relation to 
AI. Finally, our discussion will consider the technical, ethical, 
legal, and psychological perspectives as a “trust-in-AI mix”. 

II. TRUSTWORTHY AI AND TRUST IN AI 

We distinguish trustworthy AI and perceived trust in AI. 
The term "trustworthiness” is an attribute of an AI system 
[18] that has been designed in accordance with technical, 
legal, and ethical requirements, and may be objectively 
considered a trustworthy AI. The implementation of these 
requirements ensures that the expectations of stakeholders are 
met in a verifiable manner [19]. 

In contrast, the term "trust in AI" refers to the subjective 
perception of trust by individuals. We suggest that individuals 
may build trust even in an untrustworthy AI system or, vice 
versa, they may distrust an objectively trustworthy AI system. 
The reasons for these potential discrepancies may be 
explained by psychological insights related to AI. 
Consequently, in the course of this article we will consider the 
psychological perspective and discuss findings on how 
individuals build trust in AI systems. 

The term "trust" is defined in different disciplines, 
including sociology, psychology, and economics [20]. In a 
systematic review on user trust in AI-supported technologies 
[21], the definition by Mayer et al. [22] was identified the 
most frequently used. Accordingly, trust is "the willingness 
of a party to be vulnerable to the actions of another party 
based on the expectation that the other will perform a 
particular action important to the trustor, irrespective of the 
ability to monitor or control that other party" [22, p. 712). 
Consequently, trust in technology is a socio-technical 
construct that incorporates a reciprocal relationship between 
people and technology [2]. Trust in AI is dynamic and subject 
to change over time [23]. The formation of "initial trust" is 
contingent on an individual's disposition or external 
influences [24] and serves as an important factor in the 
adoption of novel technologies [25]. A different question is 
how trust, once established, can be maintained over time [23]. 

III. IMPLEMENTATION PERSPECTIVE: 
DEVELOPING TRUSTWORTHY AI SYSTEMS 

As indicated previously, the development process of 
trustworthy AI systems should be based on the consideration 
of requirements related to ethical and technical issues that are 
complemented by the user perspective (HCAI approach). 
Since ethical and technical issues are usually reflected in 
laws, we add the consideration of legal issues. 

A. Ethical Issues 

From the ethical perspective, the term "trustworthy AI" 
encompasses not only the trustworthiness of the AI system 
itself, but also the trustworthiness of all processes and actors 
that are part of the system's lifecycle. A number of institutions 
and organizations have already developed guidelines to 

inform the development of ethically trustworthy AI. Two 
broad categories can be distinguished: general design 
guidelines and action-oriented design principles. Examples 
for general design guidelines are the "Guidelines for Ethically 
Oriented Design" [26] provided by the IEEE, or the EU 
"Ethics Guidelines for Trustworthy AI" [10]). Action-oriented 
design principles usually stem from initiatives of technology 
companies and their research divisions who have introduced 
design principles for practical implementation. 

With regard to general design guidelines, the EU "Ethics 
Guideline for Trustworthy AI" includes four ethical 
principles, (1) respect for human autonomy, (2) prevention 
of harm, (3) fairness, and (4) explainability [10], that should 
be considered at each stage of the development process 
(proposal, implementation, operation of AI services). To 
guide the implementation of these principles, the following 
seven requirements for trustworthy AI have been formulated: 
Human agency and oversight, Technical robustness and 
safety, Privacy and data governance, Transparency, 
Diversity, non-discrimination and fairness, Societal and 
environmental well-being, Accountability. 

As mentioned above, a number of technology companies 
formulated action-oriented design principles to guide 
practical implementation. The "People + AI Guidebook" by 
Google presents methods, best practices, and illustrative 
examples for the design of human-centered AI [27]. The 
document presents 23 design patterns that address commonly 
encountered inquiries of developers. The "HAX-Toolkit" by 
Microsoft [28] concentrates on the interaction between 
humans and AI, with the objective of creating a positive user 
experience using 18 design principles that encompass the AI- 
user interaction process. 

However, research on whether these more practical 
principles fulfil the general EU design guidelines found 
discrepancies [17], particularly for the requirements related 
to diversity, non-discrimination, fairness, and environmental 
and social wellbeing. Researchers conclude that there is still 
a dearth of pragmatic approaches for implementing human- 
centered AI design [29], which represents a substantial 
obstacle to the practical deployment of HCAI [15, 30]. 

B. Technical Issues 

The term "technically trustworthy AI" is the desired result 
from decisions on the proposal and development of an AI 
system and its progress by modifications. Technical 
challenges include the explainability of the processes, the 
technical robustness [1], the avoidance of hallucination in 
large language models (LLMs), and the prevention of bias. 

Explainability is the extent to which the internal 
mechanics of the AI system can be understood in human 
terms, i.e., explaining "what it has done, what it is doing now, 
and what will happen next; and disclose the salient 
information that it is acting on" [31]. However, there is an 
inverse correlation between the learning performance of the 
AI system and the explainability of these capabilities [1]. 
Chander et al. [1] provided an overview on the diverse tools 
to approach explainability. 

Technical Robustness can be defined as the capacity to 
withstand adverse conditions and digital security threats [1]. 
Adversarial attacks are deliberate perturbations conducted to 
mislead AI models into incorrect predictions. These attacks 
exploit vulnerabilities by introducing subtle changes that are 
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imperceptible to humans. Robustness pertains to the 
capability of a system or algorithm to address the potential 
for errors, missing values, erroneous and previously unseen 
data [18]. Consequently, controlled and certified attack 
methods like the Fast Gradient Sign Method or the LBFGS 
attack [32] can be used to train the systems in order to 
enhance their resilience [33]. Tools like CleverHans [34] and 
the Adversarial Robustness Toolbox [35] can be used to test 
and improve the defense mechanisms of models. 

The combined consideration of explainability and 
robustness can foster a trustworthy AI system. However, 
trade-offs may appear between current techniques for 
improving both criteria [36]. 

Avoidance of hallucination in LLMs: Although LLMs 
(e.g., ChatGPT) demonstrate coherent responses and evident 
lines of reasoning, their results are based on statistical (on the 
basis of probability) patterns in word embeddings rather than 
true cognitive processes [37, 38]. Hallucination and 
misinformation may and do occur. Because hallucination 
refers to false but convincing outputs, a system may be 
perceived trustworthy without a foundation. To point this out 
strikingly, Hicks et al. [39] even chose the statement 
"ChatGPT is bullshit" as the title of their article. Methods like 
"chain-of-thought" prompting can enhance reliability by 
breaking tasks into granular steps. However, because LLMs 
do not integrate true reasoning processes [40], outputs can 
also be manipulated through tailored prompts, making them 
susceptible to misinformation. Efforts to improve robustness 
(e.g., GPT-40) mitigate but do not eliminate these risks. There 
is still the black-box nature of LLMs which impedes 
recognizing faults in their outputs. Without a cognitive 
grounding in first-order facts, LLMs cannot be fully trusted 
[41]. Zhou et al. [41] posit that future progress will be 
primarily achieved by combining generative capabilities with 
structured reasoning. 

Prevention of bias: AI development should be fair. Tools 
like AI Fairness360 detect and mitigate biases, offering 70 
bias metrics and 10 algorithms for comprehensive bias 
evaluation[42]. 

C. Legal Issues 

The protection of data that is used for the AI systems is 
one aspect of the relevant legal requirements and reflected in 
data protection regulations in several countries. In addition to 
these regulations that govern the general handling of data, 
legal requirements have also been created in more specific 
areas of AI. These include, for example, AI regulations in the 
EU [11], China [13] and some federal laws in the U.S. that 
address AI [43]. In terms of the contents of regulations, the "EU 
AI Act" highlights four key aspects, (1) an AI classification 
according to related risk, (2) that obligations are mainly related 
to developers and providers of high-risk AI systems, (3) that 
considered users are natural or legal persons that deploy an AI 
system in a professional capacity, not affected end-users, and 
(4) the handling of "general-purpose AI". Four risk 
classifications are differentiated: unacceptable, high, limited, 
and minimal risk. An example of an unacceptable risk are 
social scoring systems and manipulative AI. In contrast, 
minimal risk is unregulated, which includes AI-based video 
games or spam filters. However, it is essential to conduct 
continuous reassessments of risk classification, particularly in 
light of developments such as generative AI [11]. The 

obligations put on the developers and providers increase in 
accordance with the risk classification. 

Assessments are available on whether AI systems are in 
line with the "EU AI Act" in order to provide organizations 
with pragmatic direction to the translation of the rather 
abstract tenets into verifiable criteria [44]. Constantinides et 
al. [45] present a semi-automatic method for assessing the 
risks of AI in mobile and wearable applications. They used 
LLM prompts to generate realistic AI use cases and classified 
each use case concerning the EU AI Act risk classification. 
Applied to 138 generated AI applications and their risk 
classification, the method demonstrated an accuracy rate of 
85% compared to a manual validation process [45]. 

D. User Issues 

The HCAI adds the user perspective when thinking about 
designing AI solutions. Aiming to "maximize the benefits of 
AI technology to humans and avoid its potential adverse 
effects" [14, p. 1), the approach brings forward the ideas of 
the ethical and technical perspectives and connects them with 
key human factors. The three dimensions (technology, ethics, 
user) were broken down to implementation approaches, 
connected with key human factors and lead to the following 
seven design goals: Trustworthy AI, Scalable AI, Useful AI, 
Usable AI, Empowering humans, Responsible AI, Human 
controllable AI [14]. The HCAI as a comprehensive and 
human-integrating approach provides a lot of guidance for 
developers of AI systems. However, its focus is on 
implementation. The guidelines suggest how to design AI 
systems in a way that users potentially trust, but do not 
consider further individual factors that explain when and 
how users actually build trust in AI systems. In order to 
obtain a complete picture, we consider perceptual insights 
and turn to a psychological perspective on AI. 

IV. PSYCHOLOGICAL PERSPECTIVE: 

HOW INDIVIDUALS BUILD TRUST IN AI 

When asking when and how individual build trust in AI 
systems, we can draw from various subdisciplines of 
psychological research and human-computer interaction. 

A. Insights from Developmental Psychology 

Developmental psychologists understand the concept of 
trust as a foundational emotional state that emerges 
predominantly during the early stages of childhood [46]. An 
influencing factor is the concept of "attachment style" which 
has been extensively researched [47]. Attachment style 
emerges from early social interactions and has been 
demonstrated to exert a significant influence on human 
behavior not only in childhood but also through adulthood 
[48]. In a series of three experimental studies, Gillath et al. [2] 
found a relation between attachment security and trust in AI. 

B. Cognitive and Emotional Routes to Trust in AI 

In terms of perception, two primary routes to building trust 
in AI have been identified [49], the cognitive (based on 
rational thinking) and the emotional route. Both routes could 
have a significant impact on human trust [50]. For the 
cognitive route, five key factors explain the building of trust 
by an individual in the domain of virtual AI, embedded AI 
and robotic AI systems. These are Tangibility, Transparency, 
Reliability, Task Characteristics and Immediacy Behaviors. 
For the emotional route, the following key factors lead to 
higher trust in AI: Tangibility, Anthropomorphism, and 
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Immediacy Behaviors [49]. The relationships between the 
identified factors and trust in AI are summarized in Table I. 

TABLE I. COGNITIVE & EMOTIONAL ROUTES TO TRUST IN AI 
 

C
o
g
n
it

iv
e 

R
o
u
te

s 

Tangibility Physical presence and visual presence enhance trust. 

 

Transpa- 

rency 

Trust in AI increases with transparency about its 
reliability and algorithmic processes, particularly 

where clarity on system functionality is crucial for 
complex managerial applications. 

 

Reliability 

Low reliability leads to a decrease of trust in AI. It 
difficult to rebuild trust and it takes a lot of time. 

However, robots that are perceived as highly 

intelligent tend to maintain user compliance even 
when they malfunction. 

Task 
Characte- 

ristics 

Trust in AI is higher for technical and data-driven 
tasks, but lower for tasks requiring social 
intelligence, where human competence is preferred. 

Immediacy 
Behaviors 

Responsiveness, adaptability, pro-social actions, 
personalization and persuasive strategies enhance 

trust. Constant employee surveillance undermines it. 

E
m

o
ti

o
n
al

 R
o
u
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s 

 

 
Tangibility 

Physical presence can increase likeability, but can 
also trigger fear. A "persona" increases emotional 
trust, while unawareness of AI involvement can 

provoke anger. Positive emotions are often 

associated with the good reputation of the 
developing company. 

 
 

Anthropo- 

morphism 

Human-like characteristics promote positive 
emotions and increase trust, but can also cause 

discomfort and create unrealistic expectations of AI 
capabilities. Trust is further enhanced by 

attractiveness and user-related personalization (e.g. 
similar ethnicity or facial features). 

 
Immediacy 

Behaviors 

Human-like actions increase emotional trust and 

likeability, with flawed robots often preferred to 

flawless ones. The impact of human-like behavior 

on trust varies according to user predispositions. 

Note. The table based on the explanations from Glikson & Woolley [49, p. 632, 643]. 

C. Insights from Research on Human-Computer Interaction 

A systematic review in the area of human-computer 
interaction (HCI) [21] identified three prominent influencing 
factors on user trust in AI systems: user characteristics, socio- 
ethical factors, and technical and design features. 

1. User Characteristics 

The personality traits of users (in particular the Big Five, 
[51]), exert an influence on the level of trust that individuals 
place in AI-supported systems. Zhou et al. [52] pointed out 
that a user interface should be designed to collect and display 
user personality traits. This would enable users to become 
aware of their personality traits and understand how these 
influence their decision-making when interacting with AI. 

Prior positive experiences and repeated exposure of the 
user with a provider or manufacturer facilitates the transfer of 
trust to other systems from the same provider or manufacturer 
[53, 54]. Repeated interactions with AI systems enhance user 
understanding and increase perceptions of system integrity. 
This may be attributed to the greater availability of cognitive 
resources. Studies on embodied conversational agents 
revealed that trust increased with duration of use, irrespective 
of initial trust levels [54, 55]. 

Users differ in terms of their technical proficiency 
regarding AI use, user uncertainty and intention to use. 
Those with low technical competence and low intention to 
use believe less in a successful collaboration [56]. 

The early involvement of users, provision of training, 
enhancement of the user experience, and empowerment are 

regarded as potential solutions for achieving acceptance and 
willingness to use, and consequently trust in AI. In order to 
reduce user uncertainty, it is necessary to improve factors that 
influence user comprehension, the feeling of control, and 
information accuracy [57]. The divergence between user 
expectations and experiences was identified as a potential 
threat to user trust, particularly in instances where users rely 
heavily on specific AI [58]. Furthermore, reducing cognitive 
load enhances trust by enabling more effective system 
comprehension and user motivation [52]. 

2. Socio-ethical Factors 

How an AI-supported system is integrated into its 
surrounding environment influences the initial trust that users 
place in such systems [58]. This concerns a number of factors 
including visible means for data protection, high-quality of 
user interactions [59], performance-oriented technical 
support [60], maintenance of open communication channels, 
and the collection of continuous feedback. 

3. Technical and Design Features 

Technical and/or design attributes for virtual agents (e.g., 
chatbots, avatars) can be employed to increase trust [21]. 
These include anthropomorphism and human-like 
characteristics, benevolent characteristics like smiling and 
showing interest in the user, using an AI agent design that 
fosters the perception of a physical and psychological 
closeness to the user [53], the social presence of the AI- 
supported system [49], or the integrity of the AI system (i.e., 
repeated satisfactory task performance) [53]. Sharma [61] 
demonstrated that the presence of multimedia features, 
security certificates or logos, contact details, and a social 
network logo on AI-based systems utilizing a website were 
significant factors influencing user trust. 

No single factor is sufficient to determine user trust. A 
multiplicity of factors influences trust, thereby underscoring 
the necessity of tailoring system features to the attributes of 
the target audience. Technical and design elements that affect 
user trust should inform the system design strategy, 
delineating which features to prioritize in accordance with the 
context and system objectives. An understanding of the 
characteristics of the user can facilitate the optimization of AI 
systems for specific user types, thereby enabling adjustments 
that enhance system usability and trust [21]. 

V. DISCUSSION & CONCLUSSION 

"AI is [only] a collection of software techniques which 
boosts the machines to learn and do the computing tasks. So, 
AI is not a trusted one, it needs increase in trustworthiness, 
which is still far away" [1, p. 44]. In this article, we have 
consequently distinguished trustworthy AI and trust in AI. 
The former is defined by adherence to ethical, technical, and 
legal standards, the latter reflects a psychological construct 
which is influenced by factors such as user characteristics, 
socio-ethical factors, and technical and design features [21] 
and which is inherently dynamic. Findings from the sub- 
disciplines of psychology can elucidate the processes 
through which individuals perceive, evaluate, and adapt to 
AI systems. For instance, initial trust is frequently contingent 
upon external cues such as endorsements or user reviews [24, 
25], whereas sustained trust necessitates consistent 
performance and demonstrable reliability [23]. Errors, such 
as AI failures or hallucination in LLMs, can erode trust 
despite technical robustness [37, 41]. 
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While the trade-off between explainability and 
performance remains a central technical challenge, integrative 
approaches, such as the combination of explainable AI (XAI) 
techniques with robust AI against adversarial attacks, present 
potential avenues for the enhancement of both transparency, 
reliability, and hence, trust in AI. Nevertheless, these 
solutions require precise calibration to prevent any potential 
compromise to system efficiency. 

This highlights the necessity of designing systems that not 
only perform well but also communicate limitations 
effectively to manage user expectations. Despite an 
objectively trustworthy design, users may still exhibit 
mistrust due to cognitive biases, personality, previous 
experiences, a lack of transparency, or misunderstandings 
about the system's capabilities [21]. These potential 
discrepancies require a dual approach that not only develops 
systems that meet robust standards but also fosters user trust, 
for example, by education and transparent communication. 

The HCAI approach suggests the integration of technical 
and ethical frameworks and relevant laws in a comprehensive 
and human-oriented approach that provides substantial 
guidance for developers of AI systems. Nevertheless, its 
guidelines offer suggestions for the design of AI systems that 
users may perceive as trustworthy, without consideration of 
the additional individual factors that influence when and how 
users actually establish trust in as trustworthy designed AI 
systems. Therefore, we call for a stronger consideration of the 
psychological perspective on AI. The trust-in-AI mix, as 
outlined in the title, should therefore consider the technical, 
ethical, legal, and psychological perspectives in order to 
effectively build trustworthy AI systems that are perceived as 
reliable by the general public. In order to implement this 
approach, the following requirements must be met: 

Researchers from a range of disciplines should work 
together to advance this field of study. It is crucial to facilitate 
discourse between technologists, ethicists, psychologists, and 
legal experts to advance the development of comprehensive 
AI systems. It is essential to conduct systematic and 
continuous evaluation throughout the entire AI product life 
cycle. Initial approaches in the area of compliance with 
regulatory and ethical requirements have been demonstrated 
with the use of semi-automatic evaluations [45]. Furthermore, 
it is necessary to integrate user-centered metrics into the 
standards and, where necessary, to develop and validate them 
according to psychometric quality standards. This will enable 
the use of these empirical metrics to quantify user trust 
dynamics and to integrate feedback loops to facilitate iterative 
improvements in AI designs. 

The consideration of trust in AI systems requires valid 
methods for measuring human trust. Trust as a multifaceted 
and latent psychological construct cannot be directly 
observed [48]. A multitude of methodologies, such as self- 
reported measures, metrics such as compliance rates and 
decision times, physiological measures including eye tracking 
or brain imaging techniques have been employed to elucidate 
the cognitive and emotional processes underlying trust. 
Although these methods are promising, they rely on 
subjective scale correlations and are resource-intensive [8]. 

Finally, technical and design features play a pivotal role in 
shaping user perceptions. Elements like multimedia 
integration, anthropomorphism, and consistent task 
performance foster user trust. However, the effectiveness of 

these features depends on their alignment with the system's 
context and the target audience's characteristics. 

To conclude, a multidisciplinary approach is necessary 
both to design and to evaluate AI systems. Insights from 
developmental psychology, cognitive and emotional 
psychology, and HCI reveal critical insights. Not just one 
single factor determines trust. Understanding the cognitive, 
emotional, and socio-technical dimensions of trust is 
essential for building trustworthy AI that evoke trust in AI. 
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