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Abstract 

Title: Trustworthy Artificial Intelligence: The Impact of Certification Labels on End-Users' trust 
and Intention to Use 
 

Author: Joana Marie Glaum 

With the growing influence of Artificial Intelligence (AI) systems, concerns about their 

trustworthiness have emerged. Therefore, this dissertation explores the critical issue of trust in AI 

and introduces certification labels as a method to enhance end users' trustworthiness perceptions 

of AI. To uncover whether a certification label for trustworthy AI (TAI) has the potential to increase 

end-users’ trust in and the acceptance of AI systems, two experimental studies were conducted in 

the scope of this research. 

Study 1 found that a certification label for TAI can have a positive impact on end-users’ trust in 

and the acceptance of AI systems. Study 2 identified that transparently communicating the 

requirements used for the certification on the certification label translates into higher levels of trust 

in the AI system. Moreover, it was examined that the requirement Transparency was perceived as 

most important regarding AI trustworthiness. 

The results from these studies have clear implications for policymakers, developers, and 

organizations that seek to enhance the trustworthiness of AI, suggesting that certification labels for 

TAI are an effective method to communicate trustworthiness of AI systems to end-users and 

thereby to increase the acceptance of their AI-based products and services. Considering the 

potential competitive advantage of embedding TAI in products and services, the dissertation 

underscores the relevance of TAI in shaping the future landscape of AI technologies. Further, the 

findings also complement the knowledge on labels (in general) and the effectiveness of different 

label designs. 

 

Keywords: Artificial Intelligence, Trustworthy AI, Certification, Trust, Cognitive and Affective 

Trust, Requirements for TAI, AI Acceptance, Ethical Guidelines, AI Auditing, Labels 
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Sumário 

Título: Inteligência Artificial de Confiança: O impacto dos rótulos de certificação na confiança e 

na intenção de utilização dos utilizadores finais 

 

Autor: Joana Marie Glaum 

Com a crescente influência da Inteligência Artificial (IA), surgiram preocupações quanto à sua 

fiabilidade. Por conseguinte, esta dissertação explora a questão crítica da confiança na IA e introduz 

rótulos de certificação como um método para melhorar as percepções de fiabilidade da IA por parte 

dos utilizadores finais. Para descobrir se um rótulo de certificação para uma IA fiável (IAF) tem 

potencial para aumentar a confiança dos utilizadores finais e a aceitação da IA, foram realizados 

dois estudos experimentais. 

O estudo 1 concluiu que um rótulo de certificação para uma IAF pode ter um impacto positivo na 

confiança dos utilizadores finais e na aceitação da IA. O estudo 2 identificou que a comunicação 

transparente dos requisitos utilizados para a certificação no rótulo de certificação se traduz em 

níveis mais elevados de confiança na IA. Além disso, verificou-se que o requisito Transparência 

foi considerado o mais importante no que respeita à fiabilidade da IA. 

Os resultados destes estudos têm implicações claras para os decisores políticos, os criadores de IA, 

e as organizações, sugerindo que os rótulos de certificação para as IAF são um método eficaz para 

comunicar a fiabilidade da IA aos utilizadores finais e, assim, aumentar a aceitação da IA. Tendo 

em conta a potencial vantagem competitiva da incorporação de IAF em produtos e serviços, a 

dissertação sublinha a relevância das IAF na definição do futuro panorama da IA. Além disso, os 

resultados também complementam o conhecimento sobre os rótulos (em geral) e a eficácia das 

diferentes concepções de rótulos. 

 

Palavras-chave: Inteligência artificial, IA fiável, certificação, confiança, confiança cognitiva e 

afectiva, requisitos para a TAI, aceitação da IA, orientações éticas, auditoria da IA, rótulos 
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1. Introduction 

“Don’t trust AI until we build systems that earn trust.” 

Gary Marcus, coauthor of “Rebooting AI” (The Economist, 2019). 

1.1 Topic presentation 

It is widely acknowledged that Artificial intelligence (AI) is more than just a technology. AI has 

emerged as a transformative force, having a significant impact on society. It has proven its potential 

to transform businesses, reshape entire industries, augment human capabilities, and revolutionize 

the way we interact with technology (Lukyanenko et al., 2022). However, as AI systems become 

increasingly integrated into our daily lives, concerns about their trustworthiness have taken center 

stage. While some of these arise from the AI’s autonomous nature, the system's black-box character 

adds to uncertainty (Choung et al., 2023). Further concerns of AI revolve around safety, 

accountability, and responsibility (Morik et al., 2021), as well as potential impacts on employment 

and privacy (Choi, 2023). These risks have caused a growing sense of distrust among AI users, 

adopters, and policymakers, holding back AI’s development and acceptance, and limiting its full 

potential (Crockett et al., 2021). The European Commission’s High Level Expert Group on AI (AI 

HLEG; 2019) emphasizes that it is precisely this (dis)trust that plays a crucial role in harnessing 

the potentials of AI, while simultaneously reducing or potentially eliminating its risks. Thus, to 

achieve its full positive potential and gain widespread acceptance, AI systems must be trustworthy 

(Kaur et al., 2022). 

1.2 Relevance of the topic 

In response to the growing importance of AI, the concept of Trustworthy Artificial Intelligence 

(TAI) has received heightened interest within research. TAI underlines the importance of 

establishing trust in the development, deployment, and utilization of AI (AI HLEG, 2019; Kaur et 

al., 2022; Thiebes et al., 2021). Thus, ensuring that AI systems are trustworthy, as well as building 

trust in AI stands as a prominent priority on current political, business, social, and legal agendas 

(AI HLEG, 2019). In recent years, several frameworks and (ethical) guidelines have been proposed 

by researchers, organizations, industry, and policymakers striving towards making AI trustworthy 

(Hagendorff 2020; Jobin et al., 2019). The importance of developing AI systems within a 

trustworthy framework (Kaur et al., 2022) is also reflected in current statistics, indicating that by 
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2025, approximately 30% of AI-driven digital products will demand the adoption of such a 

framework (Burke et al., 2021), and 86% of users are projected to place their trust in and stay loyal 

to companies that adhere to ethical AI principles (Edelman, 2019). However, the question of how 

these principles can be implemented in practice is now increasingly attracting attention from 

researchers (Brundage et al., 2020; Mittelstadt, 2019; Morley et al., 2020). More importantly, the 

communication of an AI’s trustworthiness to various stakeholders is key in building trust in it (Liao 

& Sundar, 2022). In this context, AI auditing has captured interest in literature as it plays a crucial 

role in enabling trust in AI by ensuring that the principles of TAI are met (Avin et al., 2021; 

Knowles & Richards, 2021; Toreini et al., 2020). However, it seems that end-users do not have the 

required expertise and understanding to assess various trustworthiness principles, resulting in 

information asymmetries (Morik et al., 2021). This leaves open an important question: How can 

trustworthiness of AI systems be communicated to end-users (Morik et al., 2021)? 

1.3 Problem Statement and Research Objective 

Motivated by this challenge, this thesis aims to contribute to the present discussion around the 

significance of TAI and presents certification as a concrete method to address the previous 

question. Specifically, the aim of this research is to study the effects of certification labels on end-

users’ perceived trustworthiness of AI systems. While some researchers (e.g. Holland et al., 2020; 

Scharowski et al., 2023; Seifert et al., 2019; Stuurmann & Lachaud, 2022) and entities such as the 

European Commission’s AI HLEG (2019), suggested certification as a non-technical method to 

communicate trustworthiness of AI, empirical evidence and comparative studies on the 

effectiveness of labels remain limited until now. In light of the identified research gap, the central 

research problem addressed in this thesis lies in empirically determining the role of certification 

labels in communicating system trustworthiness and thereby enhancing end-users’ trust in AI 

systems. Likewise, and in line with the literature (Scharowski et al., 2023; Stuurman & Lachaud, 

2022), it is crucial to conduct research that further looks at the effectiveness of different label 

designs in helping consumers determine an AI system’s trustworthiness. In particular, the amount 

of information displayed on a label is a topic of discussion. Thus, this dissertation attempts to 

examine how communicating information about trust requirements on labels influences the 

perceived trust in the AI. Furthermore, the importance of different requirements for TAI will be 

assessed from the end-users’ perspective to understand whether some requirements are more 

important than others and to inform future studies about which requirements to communicate on a 
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label. Consequently, this dissertation intends to provide an answer to the following research 

question: 

Research question (RQ): Does a certification label for TAI have the potential to increase 

end-users’ trust in AI technologies?  

To address the identified research gap, the central research question was divided into the following 

four sub-questions:  

RQ1: Are certification labels an effective way to communicate trustworthiness of AI systems to 

end-users? 

RQ2: How do certification labels impact end-users’ trust in the AI system?  

RQ3: Are AI systems with a certification label for trustworthiness more accepted by end-users? 

RQ4: What influence, if any, does displaying ethical requirements for TAI on certification labels 

have on communicating trustworthiness of AI systems to end-users?   

To answer these questions two experimental studies were conducted. While Study 1 tests the effect 

of certification labels on trust in and the acceptance of AI technologies, Study 2 expands on the 

first study by examining whether displaying information regarding the requirements of TAI on the 

certification label impacts the perceived trustworthiness of an AI system. The findings of these 

studies aim to achieve several objectives: Firstly, to contribute to ongoing discussions regarding 

the significance of TAI, and trust in AI, and secondly, to contribute to the literature on labels’ 

impact on consumer behavior in a broader sense. Moreover, the results will also provide practical 

insights for policymakers, developers, and organizations seeking to enhance the trustworthiness of 

AI systems. This is becoming increasingly relevant as embedding TAI in products and services 

could potentially represent a competitive advantage for producers of AI systems in the future (AI 

HLEG, 2019).  

1.4 Structure of the Dissertation 

Following this introduction, Chapter 2 lays the theoretical foundation for this thesis by reviewing 

and discussing existing literature on the concepts of TAI and certification. In this thesis, two 

empirical studies were conducted to gather data to answer the research questions. Therefore, the 

methodology that was used in each study is described in Chapters 3 and 4. In Chapter 5, the main 

findings of the studies are analyzed and discussed in light of existing literature, leading to the 
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identification of theoretical and practical implications. In the second part of this chapter, limitations 

are pointed out and an outlook for further research is provided. Finally, Chapter 6 provides a 

conclusion for the thesis. 

2. Theoretical Background 

The following chapter elaborates on the concept of TAI as well as certification, both providing 

essential theoretical background knowledge for this thesis. By combining both concepts, this 

chapter further outlines the relevance of certification for communicating trustworthiness of AI 

systems to end-users and thereby offers insights into the potential impact of certification labels on 

trust and acceptance of AI systems. 

2.1 Trustworthy Artificial Intelligence (TAI)  

2.1.1 AI and users’ concerns 

AI is a broad field encompassing computer systems capable of performing tasks that previously 

demanded human intelligence, including visual perception, speech recognition, and decision 

making under uncertainty (Rossi, 2018; Russell & Norvig, 2010). Thus, what makes AI unique is 

its human-like capabilities (Krafft et al., 2020). This perspective is also consistent with Gillath et 

al.’s (2021) definition of AI, referring to it as the imitation of human intelligence functions like 

learning, reasoning, and self-correction by machines, specifically computer systems. Nowadays, 

examples for AI range from personal assistants such as Siri to medical diagnostic tools and self-

driving cars (Gillath et al., 2021), as well as generative AI tools, like ChatGPT (Baidoo-Anu & 

Ansah, 2023). This thesis focuses on the definition of AI formulated by the Organization for 

Economic Cooperation and Development (OECD) as this represents the basis for the EU's proposal 

for the establishment of a legal definition of 'AI system' in EU law (EU, 2023).  According to the 

OECD (2019, p. 7), an 'artificial intelligence system' is a machine-based system designed to 

produce outputs such as content, predictions, recommendations, or decisions, based on a given set 

of human-specified objectives, thereby impacting the environments it engages with.  

By automating tasks that previously required human intelligence, AI systems have significantly 

disrupted our lives (Lewis et al., 2020). With the growing influence of AI systems, concerns about 

their trustworthiness have emerged among AI users, adopters, and policymakers (Crockett et al., 

2021). These are mainly caused by the AI’s capability for autonomous functioning whereby, 
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compared to traditional technologies, users do not have complete control over their operating 

(Choung et al., 2023). Moreover, the reliance of AI on machine learning algorithms causes 

unpredictability and uncertainty, as they have been characterized as black boxes. This is due to the 

complexity of the algorithm’s inner workings and thereby the lack of the user’s understanding 

regarding the learning and reasoning behind the decision-making of AI systems (Choung et al., 

2023). This complexity not only causes skepticism and distrust, but also hinders the development 

and deployment of AI and thereby the realization of its full potential and continued success 

(Lukyanenko et al., 2022). Moreover, many are concerned about AI’s possible impact on job 

security and privacy, highlighting the necessity for transparent and responsible development and 

application of AI systems (Choi, 2023). Long-term consequences of progress in AI are also a reason 

for concerns and distrust because by possibly outperforming human abilities and thereby enabling 

possibilities that are beyond current comprehension, AI is feared to emerge from being just another 

technology to a precursor to superintelligence (Bostrom, 1998; Harari, 2016; Yampolskiy, 2015).  

2.1.2 The concept of TAI 

As a result of the growing recognition of AI-caused challenges, an expanding body of literature 

recognizes the concept of TAI. According to the European Commission’s AI HLEG (2019), TAI 

emphasizes the relevance of establishing trust in the development, deployment, and utilization of 

AI for it to gain widespread acceptance and achieve its full positive potential. The perceived 

trustworthiness of AI systems among its users, including consumers, organizations, and society, 

can be achieved by ensuring that it is developed, deployed, and employed in manners that guarantee 

legal compliance and robustness. But more importantly, AI systems should demonstrate adherence 

to universal ethical principles (AI HLEG, 2019).  

When it comes to the term TAI, Lee and See (2004) found that it is crucial to acknowledge a 

fundamental distinction between actual trustworthiness and perceived trustworthiness, primarily 

due to the time-relative property inherent in AI systems. The levels of actual trustworthiness in AI 

systems are often unknown to users because they lack the capability to comprehensively assess it. 

Instead, users rely on the perceived trustworthiness, which they assess through their interactions 

with the system. Since these perceived trustworthiness levels often deviate from the actual levels 

of trustworthiness, the challenge lies in matching the end-user’s trust to the degree of actual 

trustworthiness of an AI and enabling appropriate trust in the system (Lee & See, 2004).  
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This thesis, while centered on "TAI", aligns with other concepts in recent literature that refer 

essentially to the same goal of maximizing the advantages of AI while mitigating or preventing its 

risk. Notably, there is a vast body of research on explainable AI, focusing on transparency as the 

crucial element for better understanding AI’s processes and outputs (Adadi & Berrada, 2018). It 

emphasizes the effort of researchers to turn the black-box nature of an AI into a transparent system 

by focusing on explaining the reasoning behind an AI’s decision or recommendation (Xu et al., 

2019). 

This thesis focuses on TAI as a framework designed to assure the trustworthiness of a system based 

on the adherence to its specified requirements. TAI operates to confirm that the expectations of 

users and stakeholders are fulfilled in a verifiable manner (International Organization for 

Standardization ((ISO), 2020). While actual trustworthiness is clearly important, perceived 

trustworthiness shall not be ignored, as it has been shown to have serious consequences in human-

AI interaction (Lee & See, 2004). 

2.1.3 Trust in AI and its role in the acceptance of AI 

The uncertainties and possible risks connected to AI’s decision-making highlight that there is a 

crucial factor influencing the acceptance and usage of AI systems. This factor is trust (Choung et 

al., 2023). Researchers like Nordheim et al. (2019) emphasized the importance of trust in reducing 

doubts and perceived risks when adopting new technologies. A similar effect was found by Yang 

and Wibowo (2020) who argue that trust is a crucial factor in helping users conquer their 

uncertainties and concerns, contributing to the acceptance of emerging technologies like AI. 

Moreover, several researchers have extended the widely used technology acceptance model 

(TAM), proposed by Davis (1985), by adding trust as a predictor for the acceptance of AI systems 

(Alalwan et al., 2018; Egea & González, 2011; Salloum & Al-Emran, 2018). 

In various research areas, trust is thought of as a belief formed through the evaluation of certain 

attributes of an object (Colquitt & Rodell, 2011; McKnight et al., 2002). This view is also shared 

by Lee and See (2004), according to whom peoples’ trust in AI is shaped by their perception of 

information about the system’s trustworthiness characteristics and their preexisting views. This 

definition of trust makes it clear that trustworthiness is not automatically present, but rather must 

be communicated and recognized as such by the user. A possibility to do so is through the use of 

transparency cues. Humans then use heuristics, which are mental shortcuts, to assess these cues to 
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form judgments about the AI’s trustworthiness. In this context, information display and the user’s 

perception of it play a crucial role in forming appropriate trust judgements, highlighting the 

importance of effective communication of system trustworthiness (Lee & See, 2004; Liao & 

Sundar, 2022). The relevance of an AI’s trustworthiness is also emphasized in Jacovi et al.’s (2021) 

definition of human-AI trust, according to whom trustworthiness is the source of trust. 

In the context of AI, both trust in people (Mayer et al., 1995) and trust in technology (Mcknight et 

al., 2011) are relevant due to the combination of AI’s functionality with human-like competencies 

(Krafft et al., 2020). Consequently, trustworthiness can be evaluated by using the three dimensions, 

as modified from the interpersonal trusting beliefs: (1) Ability – having the skills and competence 

to perform a task; (2) Benevolence – displaying a caring and thoughtful manner characterized by 

goodwill; (3) Integrity – adhering to a set of mutually acceptable principles for behavior (Mayer et 

al., 1995; Liao & Sundar, 2022). The ability, benevolence and integrity (ABI) model has 

demonstrated its versatility across a range of disciplines (Bhattacherjee, 2002; Gefen & Straub, 

2004; McKnight et al., 2002), and is frequently employed to determine the trustworthiness of 

technologies (Mazey, 2018; McKnight et al., 2011; Xu et al., 2014). Drawing from findings of 

previous research (Schumann et al., 2012), ABI can be mapped into the cognitive (ability) and 

affective (benevolence, integrity) trust dimensions which were first introduced by Johnson and 

Grayson (2005). The former dimension, cognitive trust, is knowledge-driven and emerges when 

the AI system demonstrates its competence and reliability. It is based on the user's rational 

evaluation of the AI’s performance and features. The latter dimension, affective trust, refers to the 

emotional bond between the user and the system (Johnson & Grayson, 2005). It relates to the social 

and cultural values of the algorithms, including the ethical criteria on which the design of AI 

systems is based (Chen & Sundar, 2023). The dimension “behavioral intention to use” that is used 

in several models to assess the acceptance of AI (e.g. TAM (Davis, 1985); AI device use acceptance 

(AIDUA; Gursoy, 2019); Unified Theory of Acceptance and Use of Technology (UTAUT; 

Venkatesh et al., 2003)) completes the framework used for this thesis (See Figure 1). Since 

behavioral intention has widely been characterized as an individual's subjective probability to 

engage in a particular behavior (e.g., Fishbein & Ajzen, 1975), in this case to use the AI, it will 

serve as measurement for assessing the acceptance of AI in this thesis. 
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Figure 1: Trust & acceptance measurement framework 

While the key role of trust in enhancing the acceptance and usage of AI systems has been attested 

by several researchers (Ghazizadeh et al., 2012; Hoff & Bashir, 2015; Lee & See, 2004; Pavlou, 

2003), the question of how trust in AI can be established remains a topic of debate. Ensuring the 

trustworthiness of AI, which refers to the elements necessary for people to trust it (Varshney, 2019), 

is seen as a practical aspect of implementing ethical AI principles (Toreini et al., 2020). Therefore, 

the following subchapter addresses requirements for building trust in AI systems by introducing 

the TAI framework, proposed by the European Commission’s AI HLEG (2019). 

2.1.4 Requirements for TAI 

Given its human-like manifestations and its growing influence on people’s lives, AI systems now 

demand a broader socio-technical understanding that goes beyond mere functionality. This 

understanding should rely on human trust and must comply with ethical values (Choung et al., 

2023). Along with this emerging understanding of AI, also the requirements that make AI 

trustworthy have developed (Thiebes et al., 2021). In recent years, the growing influence of AI and 

the associated concerns have led to the proposal of various frameworks and principles for 

developing and deploying TAI. These guidelines, published by researchers, tech giants like 

Google, Microsoft, and IBM, and organizations like the OECD and the Institute of Electrical and 

Electronics Engineers (IEEE), as well as policymakers and governments such as the EU, exemplify 

the broad interest in TAI (Hagendorff 2020; Jobin et al., 2019).  
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A succinct framework of requirements for TAI was proposed by the European Commission’s AI 

HLEG in 2019. Considering the scope of this thesis, this framework and the related requirements 

shall serve as criteria for TAI in the context of this work, as it covers the most commonly proposed 

aspects necessary for building trust in AI systems in the literature and is one of the first frameworks 

from a governmental organization with practical relevance for EU cititzens. According to the AI 

HLEG’s (2019) TAI framework (Figure 1), three components of TAI, which must be met 

throughout the entire duration of the system's life cycle, can be defined. Firstly, TAI should be 

lawful, meaning it should operate within the bounds of all relevant laws and regulations. Secondly, 

compliance to ethical principles and values is essential. Lastly, TAI should demonstrate technical 

and social robustness, acknowledging that AI systems, despite good intentions, can unintentionally 

cause harm. Derived from essential human rights, including the recognition of human autonomy, 

harm prevention, fairness, and explicability, the framework by the European Commission’s AI 

HLEG’s (2019) offers seven key requirements for the development, deployment and use of AI 

systems in order to be considered trustworthy: (1) Human agency and oversight, emphasizing the 

adherence to fundamental rights; (2) Technical robustness and safety, containing resilience to 

potential attacks and security, as well as general safety, accuracy, reliability, and reproducibility; 

(3) Privacy and data governance, involving respect for privacy, quality and integrity of as well as 

access to data; (4) Transparency, with the key aspects of traceability, explainability, and 

communication; (5) Diversity, non-discrimination and fairness, highlighting the importance of 

avoiding unfair and biased outputs, accessible and universal design, and stakeholder participation; 

(6) Environmental and societal well-being, entailing aspects such as sustainability, environmental 

friendliness, social impact, and their implications for society and democracy; and (7) 

Accountability, emphasizing auditability, minimization and reporting of negative impact, trade-

offs and remediation (AI HLEG, 2019).  
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Figure 2: TAI framework (Based on Kaur et al., 2020; Kumar et al., 2020) 

While the principles and corresponding requirements outlined for TAI hold significant value, it is 

essential to acknowledge a fundamental limitation associated with them. According to the AI 

HLEG (2019), the proposed framework and guidelines provide insufficient guidance as they do not 

explain how to translate the outlined TAI principles into practical implementation. Furthermore, 

they are not complemented by instructions on how they can shape future research concerning 

technical and non-technical methods, aimed at promoting the realization of TAI (Thiebes et al., 

2021). Thus, in the following, a non-technical method to practically implement the proposed 

guidelines (AI HLEG, 2019) will be presented: certification.  

2.2 Certification 

2.2.1 The impact of labels on trust 

Labels play a key role in helping consumers make well-informed decisions by featuring specific 

product or service characteristics (Cihon et al., 2021). They have gained recognition across diverse 

products and industries, including agriculture (Gorton et al., 2021), food (Jones et al., 2019), energy 

(Stadelmann & Schubert, 2018), and e-commerce (Thompson et al., 2019). By providing 

information about a product or service, labels can function as an extrinsic cue for consumers, 

reducing the uncertainty regarding a product’s quality (Binninger & Robert, 2005). Therefore, 

labels act as a source of transparency and, thereby, trust (Mazzù et al., 2022). 
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While various types of labels exist, and multiple classification systems have been suggested, this 

dissertation focuses on certification labels because they are mainly directed at the consumer (Jahn 

et al., 2005), which is the focus of this thesis: the communication of TAI to end-users. 

2.2.2 The process of certification and certification labels  

Certification labels certify that a product, procedure, individual, or organization conforms to one 

or more predefined standards or criteria (ISO, 2004). Well-known and widely used examples for 

certification labels include for example “fairtrade”, "low-fat" or "organic" labels (Jahn et al., 2005). 

In their paper, Cihon et al. (2021) decomposed certification into its components. In brief, the 

process of certification involves an evaluation of the object of certification, typically conducted by 

a trusted third-party, which, upon confirming alignment with the specified criteria, grants the entity 

official certification accordingly. Those predefined standards or criteria could range from voluntary 

principles to mandatory regulatory requirements. While the certifier is the one who issues the actual 

certificate, the assessor evaluates the conformation of the object to the specified criteria in the first 

place. The process of determining whether the object of certification meets the predefined standards 

refers to assessment or conformity assessment and typically involves an audit of systems or 

processes (Cihon et al., 2021). Thus, only products that have successfully passed an auditing 

process, are granted a certification label (King et al., 2005). Following the definition of the IEEE 

(2008, p. 30), auditing refers to "an independent evaluation of conformance of software products 

and processes to applicable regulations, standards, guidelines, plans, specifications, and 

procedures." This process is essential to verify and validate the claims made by these labels 

regarding the trustworthiness and adherence to specific standards. Consequently, auditing is a 

pivotal process in the context of certification labels and serves as a critical means of ensuring the 

reliability and credibility of labels in consumer policy (Taufique et al., 2022). The last component 

of the certification process is the audience, referring to the individuals or group who will receive 

the information about the certification (Cihon et al., 2021). 

2.2.3 Purpose and effects of certification labels 

The primary objective of certification is to mitigate information asymmetry in the market by 

providing insights into the internal operations of the object of certification and sharing these with 

external stakeholders (King et al., 2005). Past research of Tonkin et al. (2015) has shown the 

effectiveness of certification labels in communicating the results of audits and thus, enhancing trust 

in the labeled products. Therefore, the process of certification is used by governments to promote 
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transparency and to motivate those within the entity to meet established standards (Cihon et al., 

2021). In this context, labels are also critical for reducing users’ uncertainty towards a product’s 

quality for two reasons: First, they reveal information about the development of the product and 

secondly, they provide security for end-users (Binninger & Robert, 2005). However, this purpose 

can only be achieved if the authority that issues the label effectively ensures the quality of 

certification and, by extension, the reliability of the outcome of the auditing process (Jahn et al., 

2005). Therefore, labels are typically assigned by reputable third-party organizations as they 

provide an institutional assurance of trustworthiness (Tonkin et al., 2015). By overseeing and 

verifying adherence to standards, the impartial entity ensures that certification labels can promote 

a product's claims about meeting specific standards and criteria (Taufique et al., 2022). This 

supports quality and, thereby builds trust with consumers, ultimately shaping the acceptance and 

credibility of labels (Blair, 2008; Brundage et al., 2020). A further benefit of certification labels is 

that they are understandable by various stakeholders. Through the use of simple wording, icons 

and colour coding, information is provided in a clear and accessible way, helping consumers 

processing it appropriately (Goodman et al., 2018; Grunert et al., 2014). Similar to the effect of 

brands, labels can impact the consumer’s purchase intention. Research on existing label schemes 

shows that consumers often strongly favor products which are labelled over those which are not 

(Larceneux, 2004). 

2.3 Realizing TAI through certification labels 

2.3.1 The challenge: Communicating trustworthiness of AI systems to end-users 

As previously outlined, the effective communication of system trustworthiness and its perception 

as such by the users is essential for appropriate trust (Liao & Sundar, 2022). In light of the 

importance of an AI’s compliance to ethical standards for enhancing trustworthiness, scholars such 

as Cihon et al. (2021) have raised the question of how external stakeholders can determine whether 

organizations and their AI systems are adhering to ethical principles. Given the growing influence 

of AI on society, various stakeholders are involved with AI systems who require various degrees 

of explanation and communication of trustworthiness due to their different levels of knowledge 

and needs (Yurrita et al., 2022). Kaur et al. (2022) emphasized that while domain experts for 

example need more in-depth explanations regarding the decision-outcomes of certain attributes, 

policymakers demand information about the system as a whole to evaluate its compliance with 

current laws. End-users, on the other hand, require accessible communication tailored to their 
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specific concerns. For them, information regarding the reasoning of an AI’s decision is needed to 

evaluate the trustworthiness of the system (Kaur et al., 2022).  

Therefore, a growing body of work has recognized the crucial role of auditing in the context of AI 

to ensure system trustworthiness (Avin et al., 2021; Knowles & Richards, 2021; Toreini et al., 

2020) by strengthening key elements like fairness (Wilson et al., 2021), accountability (Costanza-

Chock et al., 2022), and governance (Falco et al., 2021), all of which are instrumental in building 

trust and fostering acceptance of AI technologies. Another notable strength of AI audits is their 

capacity to reveal problematic behavior within AI systems, as they can uncover issues such as 

algorithmic discrimination, distortion, exploitation, and misjudgment (Bandy, 2021). While 

outcomes of AI audits, such as model cards and training datasets, serve as valuable tools for 

determining whether key principles of TAI have been met; they are primarily tailored for regulators 

and experts who have extensive knowledge on the topic of AI (Kaur et al., 2022). Likewise, the 

various proposed requirements for TAI to increase the user acceptance of those systems (Kaur et 

al., 2022) remain at a high-level, lacking specific metrics and measurement procedures to certify 

AI-based solutions (Lakkaraju et al., 2020). However, end-users typically lack the necessary 

expertise, knowledge or measurement mechanism to quantitatively assess the diverse 

trustworthiness principles (Morik et al., 2021) or do not understand the technical information that 

AI documentation provides (Arnold et al., 2019). Consequently, such documentations prove 

ineffective in helping end-users make well-informed judgments about trusting or using AI 

(Knowles & Richards, 2021). Morik et al. (2021) emphasize that the gap between technical 

knowledge and user understanding can further prevent trust building, thus impacting the acceptance 

of AI systems. Although end-users are just as important as developers and providers of AI systems, 

they are often ignored as a stakeholder group (Morik et al., 2019). Therefore, a prominent challenge 

lies in bridging this gap by communicating a system’s trustworthiness to end-users. 

2.3.2 Bridging the gap: Certification labels for communicating TAI to end-users 

Given the complexity and impact of AI systems, and hence the challenge of communicating the 

workings and effects of AI systems to end-users, organizations, auditors or regulators, capable of 

certifying AI systems as transparent, accountable and fair, can be considered (Morik et al., 2021). 

By verifying and ensuring the trustworthiness of AI, they can help end-users with assessing system 

trustworthiness, and guiding their decision-making (Floridi et al., 2022; Zicari et al., 2021). In line 

with this proposal, several researchers have emphasized the introduction of labels as a form of 
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certification for AI (Cihon et al., 2021; Holland et al., 2020; Scharowski et al., 2023; Seifert et al., 

2019; Stuurmann & Lachaud, 2022). Likewise, the European Commission’s (2020) “white paper 

on AI” proposed the establishment of a voluntary label based on the AI HLEG guidelines for TAI.  

Certification labels are particularly relevant in the context of realizing TAI for several reasons. 

First, they are designed to be easily understandable by various stakeholder groups. This is of 

particular importance in the case of communicating trustworthiness of AI systems to end-users as 

they usually lack the knowledge and time to evaluate the trustworthiness criteria (Grunert et al., 

2014). By signaling that AI-enabled products and services in question comply to certain objective 

and standardized requirements, labels can address the previous outlined challenges of end-users 

regarding the assessment of an AI’s trustworthiness. Consequently, this may help enhance the trust 

of end-users in AI systems (European Commission, 2020). Furthermore, as AI systems are 

characterized as black-boxes, labels can be beneficial by reducing consumers’ uncertainty towards 

the system’s quality (Binninger & Robert, 2005). As labels serve as external sources of validation 

for assessing system trustworthiness, they can help with matching the end-user’s trust to the degree 

of actual trustworthiness of an AI, thereby enabling appropriate trust in the system (Jacovi et al., 

2021; Lee & See, 2004). Consequently, the first hypothesis is as follows: 

H1a: A certification label for TAI can increase end-users’ trust in AI systems. 

Moreover, previous studies on the effect of different kind of labels have shown that they can 

influence both the cognitive and affective dimension of end-users' trust. Research by Aiken and 

Boush (2006) has found that, in the context of user trust in e-commerce, the presence of a trustmark 

had an effect on beliefs about privacy and security (affective trust), which in turn influenced more 

general beliefs about the trustworthiness of the firm (cognitive trust). Furthermore, research on 

energy efficiency labels for instance has shown that they had a significant effect on the cognitive 

dimension of trust but a rather low effect on the affective dimension of trust (Schuitema et al., 

2020). Drawing from findings of Chen and Sundar (2023), who studied the effect of data credibility 

on user trust, it can be expected that AI systems with a certification label are likely to be evaluated 

as competent and reliable (cognitive trust) because they have typically passed an auditing process, 

conducted by a reputable third-party. Affective trust, on the other hand, might be less affected by 

the label, as AI auditing is more about evaluation of AI competence and reliability rather than the 
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system's capacity to convey warmth and caring (Chen & Sundar, 2023). Thus, the following 

hypothesis is proposed:  

H1b: A certification label for TAI has a greater influence on cognitive than affective trust in AI 

systems. 

By enhancing the user’s assessment of an AI’s trustworthiness, certification labels have two main 

purposes: First, to enhance end-users’ trust in the AI and secondly, to advance a more widespread 

acceptance of it (European Commission, 2020). If a label communicates that the AI is considered 

trustworthy by a third-party, end-users are likely to associate the AI with lower risks. In turn, the 

subjective evaluation of the risks and benefits of the expected outcome is likely to influence the 

behavioral intention to use a system (Ajzen, 1985). This leads to the following hypothesis: 

H2: A certification label for TAI increases end-users’ acceptance of (behavioral intention to use) 

AI systems. 

Since trust is expected to be a predictor of AI acceptance, a further hypothesis can be put forward: 

H3a: A certification label for TAI increases end-users’ acceptance of (behavioral intention to 

use) AI systems though increased cognitive and affective trust in AI. 

As the effect of the certification label is expected to be stronger on cognitive trust than affective 

trust, this is also predicted to apply to the mediation, leading to a further hypothesis: 

H3b: A certification label for TAI increases end-users’ acceptance of (behavioral intention to 

use) AI systems mainly through increased cognitive trust in AI. 

Since the label is only granted to AI systems that meet certain criteria for TAI, it indicates that the 

system is trustworthy. This is because each principle establishes specific criteria that collectively 

contribute to shaping an overall sense of trust in AI (Jacovi et al., 2021; Liao & Sundar, 2004). 

Therefore, transparently communicating the criteria used in the underlying AI auditing process can 

enhance the trust-building in the AI system among end-users (Stuurman & Lachaud, 2022). Based 

on the previous findings, the following hypothesis can be derived: 

H4: When a certification label is based on requirements for TAI, end-users will have higher 

levels of trust in the respective AI system than in the same AI with a “simple” certification label. 

Therefore, the first conceptual model looks as shown in Figure 2.  
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Figure 3: Conceptual Model  

While the requirements for TAI hold significant value, Li et al. (2023) claim that demonstrating 

them equally to end-users when AI systems are adopted is not possible. According to the authors, 

this applies in particular to the requirements of transparency or privacy preservation. Since in the 

context of AI, transparency involves disclosing information regarding its entire lifecycle, this might 

be especially important for end-users as AI systems are characterized as black boxes (Li et al., 

2023). Furthermore, a previous study by Toreini et al. (2020) suggests that it is especially important 

to cover end-users’ data-related concerns in AI as privacy violations and unauthorized use of 

personal data are major reasons for distrust in AI. Therefore, these requirements are expected to be 

especially important for end-users regarding their interaction and the trustworthiness of an AI 

system, which leads to the final hypothesis: 

H5: Transparency as well as Privacy and Data Governance are the most important criteria for 

end-users in their interaction with AI systems. 

To test the outlined hypotheses, two experiments were conducted. The methodological approach 

and the results for each of them will be described in the following two chapters. 
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3. Study 1 

3.1 Research Design 

To test whether and how a label for TAI can increase end-users’ trust in AI systems and thus, the 

acceptance of AI systems, an experimental approach was chosen for Study 1. According to 

Malhotra et al. (2017), experimentation is an appropriate research approach to test for causality in 

hypothetical situations. In such an experiment the independent variable (IV), is manipulated by the 

researcher and the effect on a dependent variable (DV) is measured. The random allocation to the 

different levels of the IV allows to neutralize the effect of potential extraneous variables that could 

impact the outcome of the DV and thereby ensures internal validity (Bell et al., 2022). 

In line with previous research that studied the presence of AI labels on end-users’ trust (Scharowski 

et al., 2023), a quantitative study in the form of an online experiment, designed with Qualtrics, was 

used to answer the research questions and to test the stated hypotheses. Among others, advantages 

of an online survey are low administration costs, as well as ease of data collection (Evans & Mathur, 

2005). The random assignment of participants to different scenarios is crucial for ensuring a true 

experimental design and prevent it from turning into a quasi-experimental approach (Bhattacherjee, 

2012). Inspired by previous research, a scenario-based approach was established to examine the 

effect of certification labels on end-users’ trust in AI (Binns et al., 2018; Jakesch et al., 2022; 

Kapania et al., 2022). To do so, people were presented with a real-word example of an AI system 

in a hypothetical scenario, adapted from Kapania et al. (2022). In this case, a hiring procedure with 

an AI system was chosen as labels were found to be specifically effective in such high-risk 

scenarios (Scharowski et al., 2023). Using hypothetical scenarios instead of actual consumer 

applications offers the advantage of allowing control over variations in participants' prior 

experience with the applications. Moreover, participants' actions in scenario-based experiments 

have been found to mirror their real-life behaviour (Kapania et al., 2022; Woods et al., 2006). The 

experimental and the control scenario was the same in all aspects, except that in the former, 

participants were presented an AI with a certification label for trustworthiness and in the control 

scenario, the AI was not accompanied by any label. A between-subject design enabled the 

comparison of participants’ responses from different treatment conditions because the manipulated 

IV led to the random assignment of half of the participants to the treatment group (label presence) 

but not to the other half (the control group, where the label was absent). Along with the benefit of 
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comparability, such between-subjects designs also prevent knowledge and spillover effects 

(Charness et al., 2012). 

3.2 Procedure 

The survey starts with the informed consent form, which includes information about the general 

procedure, the approximate duration, and a brief overview of the research topic “TAI”, without 

providing concrete information about the aim of the study. After agreeing to take part in the study, 

participants were then asked to rate their understanding of AI systems. Following, participants were 

randomly and evenly exposed to one of the two scenarios and were advised to imagine themselves 

in the scenario presented, while answering the subsequent quantitative questions as realistically as 

possible. In the scenarios, participants of all groups were asked to take on the role of applicants for 

a new job at a company which is using an AI system for evaluating job applications. Therefore, 

they read information regarding the applicant the AI system assessed to determine whether or not 

they will be invited for an interview. At the end of the description of both scenarios, participants 

were given a short definition of AI to make sure participants are aligned and thereby reduce 

variability in the trust variable not related to the manipulation. Participants in the label condition 

were further given a brief explanation and a graphic representation of the certification logo. 

Following the scenario briefing, participants were asked to indicate their agreement with 11 

different statements referring to the level of trust they had in the presented AI system. In between 

these questions, a question aimed at testing participants’ attention was included. Furthermore, the 

participants’ acceptance of the presented AI system was assessed by asking them to rate their 

agreement with statements referring to their behavioral intention to use the AI. Before debriefing 

and thanking participants for their participation in this study, they were asked general demographic 

questions concerning their age, gender, nationality, education, and employment status, as well as 

their English language skills. In addition, participants were queried on how much attention they 

paid when answering the questions and through which channel they accessed the survey. See 

Appendix 1 for the full survey questionnaire. 

3.3 Participants and Data Cleaning  

The required sample size was determined beforehand by running a power analysis in G Power (at 

0.8 power) for the mixed ANOVA and a Monte Carlo simulation for the parallel mediation. The 

effects were assumed to be medium sized, which resulted in a minimum required sample size of 
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128. To enhance statistical power, the required sample size was further increased to 150. Data was 

collected using a nonprobability sampling technique; convenience sampling took place with 

voluntary participants from my personal and professional network that were recruited through 

Social Media (Instagram, Facebook, LinkedIn), WhatsApp and via mail. Participants could choose 

on a voluntary basis whether they wanted to take part in this study and no extrinsic incentives or 

rewards were set for successful participation. 

A total of 178 responses was collected. The process of data cleaning and subsequent analyses was 

carried out using the statistical software IBM SPSS. All participants that indicated “1 = Strongly 

disagree” or “2 = Disagree” regarding the control question “I have never used a smartphone” were 

eliminated by a listwise deletion. This approach was chosen to ensure that the used data referred to 

attentive participants. Although this approach decreases statistical power, it increases data quality 

(Tsikriktsis, 2005). 

After the elimination, the total valid sample size included 129 participants, of which 58.1% were 

females and 39.5% males. Their age ranged from 21 to 60 years (M = 27.64, SD = 5.86) and the 

majority of participants had a German nationality (N = 87; 64.4%). Furthermore, most respondents 

were either employed (N = 59; 45.7 %) or students (N = 41; 31.8%) at the time of the survey and 

had a Bachelor’s (N = 64; 49.6%) or Master’s degree (N = 51; 39.5%). On average, participants 

rated themselves as having a moderately good understanding of AI (M = 5.30, SD = 1.06). For 

more details on the sample descriptive statistics, see Appendix 3. 

3.4 Variable measurement 

3.4.1 Independent variable 

Certification label for TAI: The IV is the certification label for TAI which has two conditions: 

presence of the label vs. absence of the label. In each of the scenarios, participants where either 

presented the situation in which the AI system was certified with the certification label for 

trustworthiness (treatment group) or the AI scenario without any label (control group). The AI 

system was described as performing the same tasks across conditions. In the treatment group, this 

information was preceded by information regarding the AI label. The information provided 

regarding the certification label was based on relevant findings from prior research on a similar 

topic (Scharowski et al., 2023; Stuurman & Lachaud, 2022).  
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The certification label used for this research purposes (see Figure 3) was designed based on key 

success factors for the effective implementation of labels in AI regulation, particularly those related 

to end-users (Stuurman & Lachaud, 2022). In alignment with the suggestions of researchers and 

academic literature on labeling, an explanation of the meaning of the label was added to ensure its 

clarity and to prevent the potential for misinterpretation (Schebesta, 2019). This is essential, as the 

extensive use of labels on a wide range of products has led to concerns related to consumer 

confusion and uncertainty regarding the labels’ significance and meaning (Stuurman & Lachaud, 

2022; Velčovská & Del Chiappa, 2015). 

 

Figure 4: Certification label for TAI (Certification label 1) 

3.4.2 Dependent variable 

Behavioral Intention to Use: The DV was measured by using three statements referring to the 

“behavioral intention to use” and will thereby serve to assess the acceptance of AI systems in this 

thesis. The statements were taken from relevant previous research that studied similar effects 

(Johnson & Grayson, 2005; Castelo et al., 2019), with only minor changes in wording to relate it 

to the described AI in the scenario. Participants indicated their agreement with the three statements 

using a seven-point Likert scale (1 = Strongly disagree and 7 = Strongly agree). 

3.4.3 Mediator 

Trust in AI: Trust in AI was measured based on the three pillars of the construct used for trust in 

people (Mayer et al., 1995) and trust in technology (Mcknight et al., 2011): ability, benevolence, 

and integrity. Since these three pillars of the ABI model were mapped into the cognitive (ability) 

and affective (benevolence, integrity) trust dimension, trust was measured using a two-factor 

structure, consisting of cognitive trust in AI (five items) and affective trust in AI (six items). All 

statements about the AI systems were to be rated on a seven-point Likert-scale, ranging from 1 

(Strongly disagree) to 7 (Strongly agree). The statements were drawn from prior research exploring 
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comparable effects (Johnson & Grayson, 2005; Castelo et al., 2019), with slight modifications in 

language to align with the specific AI scenario under consideration. 

 

3.4.4 Covariate 

Familiarity with AI: As familiarity has shown to be a predictor for trust (Gefen, 2000), to control 

for its effects in the context of AI, this variable was included as a covariate in the model. Therefore, 

participants were asked to rate their understanding of AI on a seven-point Likert scale (1 = 

Extremely bad; 7 = Extremely good). 

3.5 Scale reliability 

Although the scales used in this experiment have proved reliable in past studies (Mazey, 2018; 

McKnight et al., 2011; Xu et al., 2014), a reliability analysis was conducted using Cronbach’s alpha 

(α). Reliability is the measure of internal consistency of the constructs used in the study. A construct 

is considered reliable if the α value is greater than .70 (Hair et al., 2013). Before running the 

reliability analysis, the data was checked for reverse-coded items and any missing data points. In 

addition, the statements referring to each trust dimension were grouped together by taking the mean 

and were labelled accordingly. The results of the reliability analysis revealed that the affective trust 

scale (α = .86) and the cognitive trust scale (α = .94) both showed high internal consistency between 

the items and are reliable enough to compose the respective variables. Similarly, the behavioral 

intention to use scale was also found dependable (α = .89). For more details see Appendix 4. 

3.6 Hypotheses testing 

To test the hypothesis whether a certification label for TAI had an impact on affective and cognitive 

trust in and the acceptance of the AI system (H1a, H1b, H2), a mixed analyses of variance 

(ANOVA) was performed, using the statistics software IBM SPSS.1  

The certification label increased user trust in AI, such that the certification label for trustworthy AI 

led to a greater effect on both affective (M = 4.71, SD = 1.00, t(127) = 4.81, p < .001) and cognitive 

 

1 The mixed ANOVA was also run on the full sample, without elimination of participants, and showed similar effects, 
which supports the reliability of the results. See Appendix 5 for more details. 
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trust (M = 5.24, SD = 1.16, t(127) = 4.90, p < .001) in the AI system compared to the AI system in 

the control scenario without the label (Affective: M = 3.80, SD = 1.15; Cognitive: M = 4.18, SD = 

1.24). Thus, the findings of the mixed ANOVA suggest that an AI that received a certification label 

for trustworthiness leads to higher levels of end-users’ trust, compared to the same AI system 

without any certification label. H1a is thereby supported. Furthermore, the results of the mixed 

ANOVA showed that the effect of certification labels on the behavioral intention to use the AI (M 

= 4.60, SD = 1.36) was also higher compared to the effect of the AI without a certification label on 

behavioral intention to use (M = 3.38, SD = 1.34, t(127) = 5.08, p < .001). This finding strenghtens 

H2. Moreover, the mixed ANOVA revealed that the effect of the certification label on cognitive 

trust (M = 5.24) was higher than the effect on affective trust ((M = 4.71), F(1, 126) = 31.42, p < 

.001), thus supporting the hypothesis H1b. 

To test for the parallel mediation of affective and cognitive trust on behavioral intention to use, a 

statistical analysis was conducted using Hayes’ PROCESS macro for SPSS. The macro is based 

on regression-path analyses to reveal moderation and mediation effects using a bootstrapping 

approach (Hayes, 2018). As hypotheses H3a and H3b involved testing for the indirect effect of the 

label on behavioral intention to use via the trust dimensions, model number 4 was run. For the 

following hypotheses tests, a 5% significance level with 5,000 bootstrap replications was chosen. 

The chosen model involves testing for the indirect effect of X on Y via the proposed mediators M1 

(affective trust) and M2 (cognitive trust), making it a parallel mediation. Furthermore, the 

participant’s understanding of AI was included as covariate.2 To test whether the effects are 

significant, two regression sub-models were conducted.  

The first sub-model entailed regressing the M1 onto X and showed a positive and significant effect 

of the label condition (absence vs. presence) on the affective trust dimension, t(2, 124) = 4.69, b = 

.91, p < .001. Thus, the relationship between the IV and M1, affective trust, is positive and 

significant. The overall sub-model is significant and explains 15.23% of the variance, R² = .1523, 

F(2, 124) = 11.14, p < .001. Moreover, the simple regression of M2 onto X shows a positive and 

significant relationship between the label condition and the cognitive trust dimension, t(2, 124) = 

 

2 Results show that the covariate does not have a significant effect within the model. The PROCESS was also run on 
the full sample without the covariate. The outputs are presented in Appendix 6. However, the results are unchanged. 
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5.04, b = 1.07, p < .001. The overall sub-model is significant and explains 18.98% of the variance, 

R² = .1898, F(2,124) = 14.51, p < .001.  

The second sub-model represents the regression of Y onto X, M1, M2, as well as the indirect effect 

of X on Y via M1 and M2, which captured the mediating effect of cognitive and affective trust. To 

understand the relationship between both mediators and the DV (behavioral intention to use), the 

PROCESS’s output data for the b-paths is analyzed. The regression sub-model analyzing the effect 

of affective trust on behavioral intention to use shows a positive and significant effect, t(4, 122) = 

4.12, b = 0.43, p < .001. The same effect can also be found for the relationship between cognitive 

trust and behavioral intention to use, t(4, 122) = 5.38, b = .51, p < .001. The overall sub-model is 

significant and explains 60.58% of the variance, F(4, 122) = 46.86, p < .001. Further, the second 

sub-model entailed an indirect effect of the label scenario on behavioral intention to use AI through 

both cognitive and affective trust. Since 0 falls outside the lower and upper interval bounds 

(Affective CI [.16, .69]; Cognitive CI [.28, .88]), these variables mediate the main effect, which 

supports H3a. As the contrast indicates that the difference between the mediation effect is 

significant (C1 CI [.11, .33]), and according to the b-paths stronger for cognitive (b1 = .51) than 

affective trust (b2 = .43), H3b can also be supported. Figure 4 summarizes the results of the 

PROCESS model. 

 

Figure 5: Parallel Mediation Model  
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4. Study 2 

4.1 Research Design 

The aim of Study 2 was twofold: to test the robustness of the findings from Study 1, and to uncover 

which influence the seven criteria for TAI have on the previously examined effect. To test whether 

displaying this information on the certification label influences the perceived trustworthiness of an 

AI system, an experimental approach was found to be a useful method. Therefore, a second 

experiment was conducted, in which participants were randomly and evenly assigned to one of the 

three groups (no label vs. certification label vs. certification label with requirements). To ensure 

comparability and replicate the effect of the first study, the same scenario of the hiring procedure 

with the AI system was chosen for Study 2. Furthermore, the participant’s perceptions of the 

importance of the seven requirements for TAI was investigated to test whether displaying them on 

the label influences end-users’ trust in the AI system.  

4.2 Procedure 

The procedure followed a similar structure as Study 1, with the following exceptions: To examine 

whether the effect of the first experiment also holds true when the seven requirements are displayed 

in the label, participants were now randomly and evenly exposed to one of three different scenarios. 

Moreover, participants had to rate the seven ethical requirements proposed by AI HLEG (2019) 

regarding their importance in the design of AI systems that interact with them. Each of these 

requirements was briefly explained to ensure alignment. This question order was chosen to prevent 

an influential effect of the requirement rating on the trust-related questions since the importance of 

the requirements was also assessed for future research purposes. See Appendix 2 for the full 

experiment. 

4.3 Participants and Data Cleaning  

The required sample size was pre-determined by running a power analysis in G Power (at 0.8 

power) for the mixed ANOVA and the repeated measures ANOVA. For the parallel mediation, a 

Monte Carlo simulation was conducted, which resulted in the larger sample size of 128. 

Considering the structure of the study, which includes three experimental groups, the required 

sample size was further increased to 200 to increase statistical power. 
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The required sample size was determined beforehand by running a power analysis in G Power (at 

0.8 power) for the mixed ANOVA and the repeated measures ANOVA. For the parallel mediation, 

a Monte Carlo simulation was conducted. Considering the structure of the study, which includes 

three experimental groups, the required sample size was further increased to 200. 

In total, 234 survey responses were completed, from which some were eliminated following the 

data cleaning approach used in Study 1. After the elimination the total valid sample size included 

221 participants, with 65.2% being female and 33.5% male. Their age ranged from 19 to 60 years 

(M = 28.02, SD = 6.71) and most participants had a German nationality (N = 139; 62.9%). 

Furthermore, the majority of respondents were either employed (N = 108; 48.9%) or a student (N 

= 78; 35.3%) at the time of the survey. Regarding their education, most participants indicated to 

either have a Bachelor’s (N = 107; 48.4%) or Master’s degree (N = 89; 40.3%). On average, 

participants rated themselves as having a moderately good understanding of AI (M = 5.48, SD = 

0.91). For more details on the population statistics, see Appendix 7. 

4.4 Variable measurement 

4.4.1 Independent variable 

Certification label for TAI: The IV is the TAI certification label which has three levels. In each of 

the scenarios, participants where either presented the situation in which the AI system was certified 

with the label for trustworthiness (treatment groups 1 & 2) or the scenario where the AI system did 

not receive any label (control group) – with the task the AI system had to perform in all conditions 

being the same. While the label in the first treatment group received the same certification label as 

in Study 1 (certification label 1), the label in the second treatment group (certification label 23) 

further displayed the seven requirements for TAI to indicate that they served as criteria for the 

certification of the AI system (see Figure 5). In the control group, the AI system did not receive 

any label for trustworthiness.  

 

3 For simplicity, the label without the TAI criteria is now referred to as “certification label 1” and the label displaying 
the requirements for TAI as “certification label 2”. 
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Figure 6: Certification label with requirements for TAI (Certification label 2) 

4.4.2 Dependent variable 

Behavioral intention to use: As in Study 1, the DV, behavioral intention to use AI, was measured 

with three items using a seven-point Likert scale (1 = Strongly disagree and 7 = Strongly agree).  

4.4.3 Mediator 

Trust in AI: The mediator is the participants’ levels of trust in the AI system by measuring the 

cognitive and affective dimension of trust. Using a seven-point Likert scale (1 = Strongly disagree 

and 7 = Strongly agree), participants had to rate their agreement to eleven statements referring to 

these dimensions. This format was chosen for consistency with Study 1. 

4.4.4 Covariate  

Familiarity of AI: Similar to Study 1, the participants’ familiarity with AI was included as covariate 

in the model. For consistency, it was measured on a seven-point Likert scale (1 = Extremely bad; 

7 = Extremely good). 

4.4.5 Importance Analysis 

Requirements for TAI: The importance of each of the seven requirements for TAI, proposed by the 

AI HLEG (2019), was judged on a Likert scale, with the anchors being 1 = Not important at all 

and 7 = Extremely important. The description of each requirement was taken from a previous study 

(Choung et al., 2023). In this analysis, the importance rating is the DV, and the requirement is the 

IV. 

4.5 Scale reliability  

As in Study 1, a reliability analysis was conducted using Cronbach’s α. Both the affective trust 

scale (α = .94) and the cognitive trust scale (α = .97) were reliable. Moreover, the behavioral 
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intention to use scale was also found to be reliable (α = .92). For more details on the Cronbach’s 

α, see Appendix 8. 

4.6 Hypotheses testing 

To test H4 a mixed ANOVA was performed in SPSS, comparing the effect of the two different 

label conditions on end-users’ trust. A planned contrast indicated that the effect of label 2 on end-

users’ trust was above and beyond the effect of certification label 1. Specifically, the results of the 

mixed ANOVA demonstrate that certification label 2 had a greater influence on both cognitive (M 

= 6.29, SD = .82, t(144) = 4.09, p < .001) and affective trust (M = 5.28, SD = .75, t(137) = 3.99, p 

< .001) in the AI system, compared to certification label 1 (Cognitive: M = 5.72, SD = .86; 

Affective: M = 4.85, SD = .55). Thus, the findings suggest that displaying trustworthiness 

requirements on the label translates into higher trust in the AI system. Therefore, H4 is affirmed. 

The effect of the different AI scenarios on end-users’ trust is illustrated in Figure 6.4  

 

Figure 7: Effect of different certification labels for TAI on end-users’ trust  

 

4 The mixed ANOVA was also performed on the complete sample, without the elimination of participants. However, 
the results do not change and further suggest the robustness of the findings of Study 1 (See Appendix 9). 
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To test for the indirect effect of the label scenarios on behavioral intention to use the AI via the 

two trust dimensions, a Hayes’ PROCESS macro model 4 was applied. As in Study 1, a 5% 

significance level with 5,000 bootstrap replications was chosen. Since the IV is multicategorial, 

consisting of three levels, indicator coding was applied with the control group as reference group 

(Hayes & Preacher, 2014). Therefore, X1 refers to the comparison between the certification label 

1 and the control group, and X2 compares the certification label 2 and the control group. 

Furthermore, the model controls for “understanding of AI” by including it as covariate. As the 

model aimed to test whether a label for TAI increases end-users’ behavioral intention to use the AI 

systems though increased cognitive and affective trust, the focus is on the output for the indirect 

effects of M1 and M2. Since 0 falls outside the lower and upper interval bounds for both affective 

(X1: 95% CI [.11, .73]; X2: 95% CI [.15, .94]) and cognitive trust (X1: 95% CI [.24, .82]; X2: 95% 

CI [.28, .98]), trust has a significant indirect effect on behavioral intention to use. Thus, the test 

revealed that a label for TAI increases end-users’ acceptance (behavioral intention to use) of AI 

systems though increased cognitive and affective trust in AI, which strengthens H3a. As the 

mediation effect was found to be stronger for cognitive trust (C1 CI [.23, .55]), b1 = .57), H3b is 

also supported. Since the results of the PROCESS macro are consistent with the findings of the 

first study, the confidence in those findings is increased.5 In contrast to Study 1, a positive and 

significant effect of the covariate on both trust dimensions was found in Study 2. Thus, a greater 

understanding of AI is associated with higher levels of affective trust, t(3, 217) = 3.11, b = .17, p 

= .002, as well as cognitive trust, t(3, 217) = 4.24, b = .27, p < .001.  

To test H5, which suggested that both Privacy and Data Governance as well as Transparency are 

the most important criteria for end-users in their interaction with AI, a repeated measures ANOVA 

was performed on the data of the participants in the control group6. This approach was chosen 

because in the control group an influence of the AI labels on the importance perception of the 

requirements could be prevented. From the results of the repeated measures ANOVA, it becomes 

evident that Transparency is of greatest importance for end-users regarding their interaction with 

AI systems (M = 6.32, SD = .67). Moreover, the importance of this requirement was significantly 

 

5 The PROCESS model was also performed on the complete sample, without the elimination of participants and the 
covariate. The results do not change (See Appendix 10). 
6 The repeated measures ANOVA was also performed on the data of all treatment groups; however, the results did not 
change. 
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different to those of the other requirements for TAI (MD to second highest requirement = .78, p < 

.001). Privacy and Data Governance was rated as the second most important requirement for TAI 

(M = 5.55, SD = .71). However, compared to Technical Robustness and Safety, which was ranked 

as third most important (M = 5.25, SD = .75), Privacy and Data Governance was not significantly 

more important (MD = .30, p = .114). Thus, H5 can only partially be supported. The remaining 

criteria were ranked in descending order of importance as follows: Diversity, non-discrimination 

and fairness; Accountability; Human agency and oversight; and Societal and environmental well-

being. However, it is important to mention that the means of all requirements where above 4.49, 

which indicates that overall, all requirements were ranked as rather important.  
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5. Discussion  

5.1 Research Findings 

The theoretical part of this thesis unveiled a research gap which led to several hypotheses that were 

examined in two experiments. First, the experiments tested the effect of a certification label for 

TAI on end-users’ trust in the respective AI system. Both experiments’ results support H1a, which 

predicted that a certification label for TAI can increase end-users’ trust in the AI. These results are 

consistent with the findings of previous studies suggesting that compliance with requirements for 

TAI can be communicated through certification labels, potentially increasing end-users’ trust in 

the AI system (Scharowski et al., 2023; Stuurman & Lachaud, 2022). Since the AI system was the 

same in all scenarios, with only the certification label for trustworthiness bearing the difference, it 

can be interpreted that the label serves as external source of validation for assessing system 

trustworthiness (Jacovi et al., 2021; Lee & See, 2004). This also supports previous research stating 

that labels can function as “trustworthiness cues” for end-users to build trust in the AI system (Lee 

& See, 2004; Liao & Sundar, 2022). Furthermore, both experiments revealed how a label for TAI 

influences different trust dimensions by examining the effect on cognitive and affective trust in AI. 

From the results it became evident that a certification label for TAI positively impacts both end-

users’ cognitive and affective trust in the AI system. In particular, the results indicate a greater 

influence of the certification label on cognitive than affective trust, which supports H1b. This 

outcome may be attributed to the likelihood that certified AI systems commonly undergo an audit 

procedure, which focuses primarily on assessing AI competency and reliability rather than evoking 

an emotional bond between the user and the system (Chen & Sundar, 2023). By applying the 

cognitive and affective trust framework in this context, this study complements existing research 

(Cihon et al., 2021; Scharowski et al., 2023; Seifert et al., 2019) on the effectiveness of certification 

labels in building end-users’ trust in AI systems.  

Moreover, in both experiments the label for TAI was also found to increase end-users’ behavioral 

intention to use the AI, which supports H2. Therefore, it can be interpreted that a label for TAI can 

effectively communicate system trustworthiness and thereby, positively contributes to their 

acceptance. In fact, the data suggests that the certification label for TAI promotes the behavioral 

intention to use the AI through increased cognitive and affective trust in AI. Since, both cognitive 

and affective trust were found to have a significant mediation effect on the users’ behavioral 
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intention to use the AI, H3a was supported. This emphasizes the importance of trust for a successful 

adoption and deployment of AI. In fact, the mediation effect was found to be stronger for cognitive 

trust, which supports H3b and further reinforces the idea that cognitive trust plays a greater role in 

the relationship between the certification label and AI acceptance. Nevertheless, as both trust 

dimensions were found to have a significant indirect effect, it is important to assure that the 

perceptions of both are high.   

Additionally, the importance of familiarity with AI for the studied relationship differed across 

studies, being important in Study 2 but not in Study 1. This is in line with literature, as some studies 

have found it to play a role (Gefen, 2000), but others have shown that this is not always the case 

(Gillath et al., 2021). This further suggests that the familiarity with AI does not have a reliable 

relationship with AI outcomes. 

Furthermore, the experiments compared the effect of different types of certification labels on end-

users’ trust in the AI system. The results revealed that the label with the requirements for TAI led 

to higher levels of affective and cognitive trust, compared to the scenario where the AI system was 

certified with the simple certification label that did not provide any information about the 

requirements that were used to certify the AI system. These findings support H4. The results further 

allow to derive aspects to consider for effective certification labels for AI applications. Although 

researchers suggest that displaying a lot of information on a label can be overwhelming for 

consumers and thereby reducing its effectiveness (Tonkin et al., 2015), this could not be supported 

in the case of this experiment. By contrast, participants displayed higher levels of trust in the AI 

system that received the certification level showing all seven trustworthiness requirements than in 

the AI that was certified with the simple label for trustworthiness. Examining how end-users 

perceive the importance of different requirements for TAI revealed that overall, all seven 

requirements were perceived as rather important by end-users regarding their interaction with AI, 

underlining the importance of an AI system meeting the TAI requirements for trust building. More 

specifically, communicating the criteria used in the underlying AI auditing process enhances users' 

perception of the AI system's trustworthiness, as they can see which certification criteria have been 

met by the AI (Stuurman & Lachaud, 2022). Each criterion reassures end-users about the AI’s 

competence, ethical behavior, and overall reliability, allowing them to form an overall sense of 

trust in the AI (Jacovi et al., 2021; Liao & Sundar, 2004). However, the findings also revealed that 

Transparency was found to be significantly more important than the other requirements. This result 
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can be explained by the fact that transparency is particularly important for users to understand the 

reasoning behind an AI system’s decision. Since many AI-related concerns arise from its black-

box character, transparently disclosing information regarding the system’s entire lifecycle can ease 

end-users’ uncertainties. Although Privacy and Data Governance was ranked as second most 

important, it was not significantly more important than all the other requirements. Thus, H5 can 

only partially be supported. This result might also be attributed to the hiring scenario chosen for 

the experiment as users might be more concerned about the decision-making of the AI in this case, 

rather than their data. Since the results might differ with a different scenario, I will conduct future 

research that compares the effect in different AI scenarios.  

5.2 Academic and Managerial Implications 

5.2.1 Academic Implications 

The growing body of literature on TAI in recent years illustrates the emerging relevance of the 

topic. However, there has been limited research focusing on how to implement TAI into practice 

and communicating an AI’s trustworthiness to end-users. Building on the previous literature and 

the research gaps it reveals, certification communication was examined more closely as non-

technical method to enhance end-users’ trust in AI, offering several theoretical implications. 

First, the research findings contribute significantly to the academic discourse surrounding trust in 

AI, emphasizing its essential role in system acceptance. By establishing a crucial connection 

between the literature on TAI and the broader discussions on certification, this dissertation was 

able to support the statement that certification labels can have a positive influence of end-users’ 

trust in and thereby, the acceptance of AI. In particular, the findings underpin the results of past 

studies, suggesting that certification labels have a greater effect on cognitive than affective trust 

(Chen & Sundar, 2023; Schuitema et al., 2020). Additionally, the dissertation supported the 

effectiveness of labels in high-stake scenarios. The successful replication of effects identified by 

previous researchers enhances confidence in the original findings which contributes to the 

robustness of the literature (Cihon et al., 2021; Scharowski et al., 2023; Seifert et al., 2019).  

Second, by investigating different label designs, this work adds to the theoretical knowledge on 

labels, offering insights applicable for the specific context of AI. The findings suggest that end-

users display higher trust levels in AI systems with certification labels featuring the trustworthiness 

requirements used in the audit. This challenges previous recommendations (Stuurman & Lachaud, 
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2022) and suggests that, in the context of AI, comprehensive information on labels contributes 

positively to user trust. This provides a foundation for further research and potential replication by 

scholars.  

Finally, this is the first empirical study that tests the importance of TAI requirements and how they 

translate into trust when embedded in labels. The findings of the second study support the 

importance of requirements for TAI in trust building. Moreover, the identification of Transparency 

as significantly important criteria for end-users suggests that certain elements hold more weight in 

communicating a system’s trustworthiness.  

5.2.2 Managerial Implications 

In addition to the theoretical contributions, this research also offers managerial implications. With 

the growing influence of AI and its disruption of the workplace, ensuring the trustworthiness of AI 

systems stands out as a prominent challenge these days. With respect to organizations that provide 

AI-based products and services, it is highly recommended to ensure the trustworthiness of their AI 

systems, given the demonstrated importance of trust in user acceptance of AI. The study further 

emphasizes that embedding TAI principles could become a competitive advantage in the evolving 

landscape (AI HLEG, 2019).  

The shown effectiveness of certification labels for TAI in enhancing trust in AI suggests that 

organizations should leverage certification labels as a strategic tool for communicating AI system 

trustworthiness to end-users. Managers should view certification labels not only as symbolic 

endorsements, but as practical tools that can effectively communicate trustworthiness and, 

consequently, reduce perceived risks associated with AI systems. Since trust was found as a 

predictor of AI acceptance, certification labels should be leveraged to not only communicate 

trustworthiness, but also actively promote users' behavioral intention to use AI systems.  

Moreover, the findings recommend the development of certification labels that transparently 

communicate the trustworthiness requirements met by the AI system. Therefore, it is advisable for 

institutions, issuing labels, to follow reputable trustworthiness requirements, aligning with the 

quantitative insights derived from the study's results. Furthermore, since the TAI requirement 

Transparency was found to be especially important in communicating system trustworthiness, 

organizations are advised to clearly reassure end-users that the AI system is committed to 

transparency. 
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While there is no official label for TAI yet, political bodies, like the EU, should strive towards 

establishing a certification for TAI. Therefore, it remains to be seen which certification programs 

will be implemented, their level of effectiveness, the complexity of their implementation and how 

durable they will be in the face of changes in AI (Cihon et al., 2021). 

5.3 Limitations and future research 

While this research carries important theoretical and practical implications, it is crucial to 

acknowledge certain limitations particularly with respect to the generalization of the results. 

The first constraint lies in the utilization of a non-probability sampling technique for data 

collection, which given the time and resource constraints was a reasonable technique, however it 

led to a non-representative sample (Vehovar et al., 2016). Specifically, most of the participants 

were contacted personally via WhatsApp or they became aware of the anonymous Qualtrics link 

via Social Media, which led to the result that most of the participants originated from Europe, and 

particularly from Germany. To enhance the reliability of the outcomes, it is recommended that 

future research replicates this study with a larger and more diverse sample, addressing the existing 

limitations and ensuring broader generalizability of the findings.  

Second, although certification labels have shown to be effective in communicating an AI system’s 

trustworthiness to end-users, they have a limited capacity to indicate untrustworthiness, as they 

offer only binary information by either being present or absent. Consequently, it becomes 

challenging to distinguish whether a product lacking a certification label is considered 

untrustworthy due to its failure to meet the label's criteria or if it simply hasn't undergone an audit 

yet (Scharowski et al., 2023). Therefore, future research could explore different types of labels and 

their effect on end-users’ trust. Nutrition labels for example could display a layer of interpretation 

about how the AI system scored in each requirement for TAI (e.g., Andrews et al., 2011). 

Another limitation of this study lies in its exclusive focus on a high-stake AI scenario in the 

experiments, which was chosen due to the proven effectiveness of labels in those specific scenarios 

(Scharowski et al., 2023). However, the trustworthiness for a high-risk AI system, such as the hiring 

procedure, may differ from the one of a low-risk system (e.g. music recommendation; Ferrario, 

2023), thereby restricting the possibility to make comprehensive assertions about the broader 

efficacy of certification labels in enhancing end-users' trust across diverse AI applications. 

Similarly, many certification frameworks lack modification for each of the various sectors where 
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AI finds application (Cihon et al., 2021). Thus, future research could compare the effect of 

certification labels on end-users’ trust dimensions with AI systems that are used in both high- and 

low-risk contexts as well as different sectors. Additionally, the trust in the AI system was only 

assessed from the applicant’s point of view in this thesis, rather than the company’s view that 

implements the AI system. Given the purpose of testing end-users’ trust in AI in such high-risk 

scenarios, this approach was reasonable, however, future studies should also investigate the 

company’s trust levels. 

The two experiments in this thesis examined the mediating effect of both affective and cognitive 

trust on the relationship between the AI label and the acceptance of the AI. While this effect has 

shown to be significant, future studies could expand the model by adding further moderators 

suggested by literature, such as the perceived credibility of the institution that issues the label 

(Schuitema et al., 2020). To do so, they could investigate how different issuer of the label impact 

the trust levels generated by the AI with the label.  

Another limitation regarding this dissertation’s model refers to the scale that was used to assess the 

acceptance of the AI. Although the behavioral intention to use is applied in several acceptance 

models (e.g. TAM (Davis, 1985); AIDUA (Gursoy, 2019); UTAUT (Venkatesh et al., 2003)), it 

only represents one dimension of it and could further be expanded by other dimensions referring 

to the acceptance of AI, such as the attitude toward using and the actual system usage.  

Another limitation of this study pertains to the dynamic nature and continuous evolution of AI, 

making certification programs tailored for present-day AI systems potentially inadequate for the 

AI of tomorrow (Cihon et al., 2021). Therefore, continuous research is needed to evaluate and 

update relevant trustworthiness requirements. While this study focused on the seven requirements 

for TAI, proposed by the European Commission’s AI HLEG, further studies could consider the 

effect of different trustworthy frameworks.  

The second experiment revealed that the certification label with the information regarding the 

requirements for TAI led to higher trust and acceptance of the AI. Further research should 

investigate whether this is due to the quantity of requirements or other factors, e.g. the order. 

Likewise, researchers suggest highlighting key label criteria to prevent user overwhelm and 

enhance understanding of the label’s meaning (Stuurman & Lachaud, 2022). While Transparency 

was identified as the most important requirement, this theoretical insight requires a more detailed 
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examination, especially regarding the importance of the requirements in terms of trust-building. 

Therefore, I am conducting further research to explore if displaying this requirement on labels leads 

to higher trust than others. By doing so, the amount of information presented on certification labels 

will be tested and redefined to find the right balance that effectively communicates trustworthiness. 

6. Conclusion 

As AI is being increasingly integrated in our lives, concerns about its trustworthiness have arisen. 

Ensuring that AI systems are trustworthy and especially communicating system trustworthiness to 

end-users has become a challenge. This dissertation has contributed to the important research field 

of TAI by introducing certification labels as an effective non-technical method for communicating 

an AI system’s trustworthiness to end-users. The results found in the two studies presented 

demonstrate that certification labels have the potential to effectively communicate the outcome of 

AI audits to end-users, enhancing both trust in and the acceptance of AI. Furthermore, the findings 

emphasize that an AI’s adherence to trustworthy requirements plays a crucial role in end-users’ 

perceptions regarding system trustworthiness.  
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Appendices 

Appendix 1: Survey 1 
 

Informed consent 
Welcome and thank you for participating in this experiment on trustworthy artificial intelligence (AI). I, 
Joana Glaum, am conducting this experiment as part of my Master Thesis at Católica Lisbon School of 

Business and Economics, under the supervision of Dr. Filipa de Almeida. This study consists of a scenario 

and multiple questions related to it. It will take around 4 minutes to complete. The purpose is to gain insights 

into users’ trust in and acceptance of AI systems. Your participation will contribute to research on 

trustworthy AI. Please answer as honestly as possible. All answers will be kept strictly confidentially and 

are anonymous. This means that it will not be possible to link your responses to your identity. The data 

collected will be used for research purposes only and may be presented in my thesis or disseminated in 

academic journals, always in an aggregated form, never about any individual response. I ask you to take the 

study in one go, without interruptions. There are no expected side effects of participating in this study 

beyond those associated with looking at a computer screen for circa 4 minutes. You may change your mind 

and drop out at any point of the study during its completion. If you have any questions regarding this study, 

please do not hesitate to contact me: Joana Glaum (s-jmglaum@ucp.pt). By continuing you agree to 

participate. Thank you! 

 
Q1 Do you consent to participate in this study? 

o I consent (1)  

o I do not consent (2)  
 

 

Understanding of AI 
Thank you for consenting to participate. To start, please answer the following question: 
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Q2 How would you rate your understanding of Artificial Intelligence? 

o Extremely bad (1)  

o Moderately bad (2)  

o Slightly bad (3)  

o Neither good or bad (4)  

o Slightly good (5)  

o Moderately good (6)  

o Extremely good (7)  
 

 

Scenario  
If Condition = No Label 

Now, I would like to ask you to imagine the scenario described next. Please make an effort to imagine 

yourself in the described situation and answer as realistically as possible. Thank you! 
 

Consider the situation where you are applying for a new job at a company. The company is using an AI 

system* called MyJob for evaluating job applications. You will be required to fill out a form, uploading 

your CV, and submit them along with personal information like address, marital status, employment status 

and references to MyJob. Once assessed, MyJob will determine based on the provided information whether 

or not you will be invited for an interview.  

*AI system stands for 'Artificial intelligence system' which is “a software that is developed with specific 

techniques and approaches and can, for a given set of human-defined objectives, generate outputs such as 

content, predictions, recommendations, or decisions influencing the environments they interact with.” 

(OECD, 2019) 

 
Scenario_label 
If Condition = Label 

Now, I would like to ask you to imagine the scenario described next. Please make an effort to imagine 
yourself in the described situations and answer as realistically as possible.   
Thank you! 
 

Consider the situation where you are applying for a new job at a company. The company is using an AI 

system* called MyJob for evaluating job applications. You will be required to fill out a form, uploading 

your CV, and submit them along with personal information like address, marital status, employment status 
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and references to MyJob. Once assessed, MyJob will determine based on the provided information whether 

or not you will be invited for an interview. MyJob has received a certification label for trustworthy AI, as 

communicated by the logo below. The label was awarded by a foundation specialized in assessing AI 

trustworthiness. In this process, a panel of experts verified whether a digital service or product offered by a 

company (e.g., an AI as in the scenarios presented) meets certain criteria regarding trustworthy AI. These 

criteria were proposed by the European Commission’s high-level expert group on AI. Take your time to get 

a close look at the label.  

                                                    

 *AI system stands for 'Artificial intelligence system' which is “a software that is developed with 

specific techniques and approaches and can, for a given set of human-defined objectives, generate 

outputs such as content, predictions, recommendations, or decisions influencing the environments 

they interact with.” (OECD, 2019) 
 

Trust in AI 
Thank you. Now, please answer the following questions to the best of your knowledge. 

Q3 To what extent do you agree to the following statements regarding the presented AI system? 

 

 
Strongly 
disagree 

(1) 

Disagree 
(2) 

Somewhat 
disagree 

(3) 

Neither 
agree 
nor 

disagree 
(4) 

Somewhat 
agree  

(5) 

Agree 
(6) 

Strongly 
agree 

(7) 

MyJob cares about my well-
being. (1)  o  o  o  o  o  o o  

MyJob is sincerely concerned 
about addressing the problems of 
human users. (2)  o  o  o  o  o  o o  

MyJob tries to be helpful and does 
not operate out of selfish interest. 
(3)  o  o  o  o  o  o o  
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Strongly 
disagree 

(1) 

Disagree 
(2) 

Somewhat 
disagree 

(3) 

Neither 
agree 
nor 

disagree 
(4) 

Somewhat 
agree  

(5) 

Agree 
(6) 

Strongly 
agree 

(7) 

MyJob is truthful in its dealings 
with me. (4)  o  o  o  o  o  o o  

MyJob keeps its commitments 
and delivers on its promises. (5)  o  o  o  o  o  o o  

I have never used a smartphone. 
(6)  o  o  o  o  o  o o  

MyJob is honest and does not 
abuse the information and 
advantage it has over its users. (7)  o  o  o  o  o  o o  

MyJob would perform its role in 
evaluating job applications well. 
(8)  o  o  o  o  o  o o  

MyJob is competent in evaluating 
job applications. (9)  o  o  o  o  o  o o  

MyJob has the skills and 
competence to accurately 
evaluate job applications. (10)  o  o  o  o  o  o o  

MyJob is reliable in making 
decisions about job applications. 
(11)  o  o  o  o  o  o  

MyJob is dependable. (12)  o  o  o  o  o  o o  
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Assuming a reality where you have the possibility to choose whether to use MyJob and other AI systems 
similar to it, please answer the following questions:  

Q4 To what extent do you agree to the following statements regarding the presented AI system?  

 
Strongly 
disagree 

(1) 

Disagree 
(2) 

Somewhat 
disagree 

(3) 

Neither 
agree 
nor 

disagree 
(4) 

Somewhat 
agree  

(5) 

Agree 
(6) 

Strongly 
agree 

(7) 

I intend to use AI systems like 
MyJob for assessing my job 
applications in the future. (1)  o  o  o  o  o  o o  

I will use AI systems like 
MyJob in the future for 
assessing my job applications. 
(2)  

o  o  o  o  o  o o  

I have concerns about AI 
systems like MyJob being used 
for assessing my job 
applications. (3) 

o  o  o  o  o  o o  

 
 
Final questions 
Thank you for your answers. To end, I would like you to please answer a couple of demographic questions, 

as well as questions related to the experiment. I emphasize that all answers are anonymous and confidential, 

which implies that I am unable to link your responses to your person. 

 
Q5 Answering the questions of this study was... 

o Extremely difficult (1)  

o Moderately difficult (2)  

o Slightly difficult (3)  

o Neither easy nor difficult (4)  

o Slightly easy (5)  

o Moderately easy (6)  

o Extremely easy (7)  
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Q6 Imagining the previously described scenario was... 

o Extremely difficult (1)  

o Moderately difficult (2)  

o Slightly difficult (3)  

o Neither easy nor difficult (4)  

o Slightly easy (5)  

o Moderately easy (6)  

o Extremely easy (7)  
 

Q7 What is your gender? 

o Male (1)  

o Female (2)  

o Other (3) __________________________________________________ 

o Prefer not to say (4)  

 
 
Q8 How old are you?  

________________________________________________________________ 

 
Q9 Where are you from? 

▼ Afghanistan (1) ... Zimbabwe (1357) 
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Q10 What is you highest level of education? 

o Less than Secondary education (1)  

o Secondary education (2)  

o Bachelor’s degree (3)  

o Master's degree (4)  

o Doctoral degree (5)  

o Other (6) __________________________________________________ 
 
 
Q11 What is your current employment status? 

o Employed (1)  

o Freelancer (2)  

o Unemployed (3)  

o Student (4)  

o Worker and Student (5)  

o Retired (6)  

o Other (7) __________________________________________________ 
 
Q12 How comfortable are you with the English language? 

o Extremely uncomfortable (1)  

o Somewhat uncomfortable (2)  

o Neither comfortable nor uncomfortable (3)  

o Somewhat comfortable (4)  

o Extremely comfortable (5)  
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Q13 How much attention did you pay during this survey? 

o None at all (1)  

o A little (2)  

o A moderate amount (3)  

o A lot (4)  

o A great deal (5)  
 

Q14 Through which channel or platform did you access this survey? 

o E-Mail (1)  

o LinkedIn (2)  

o Social Media (Instagram, Facebook) (3)  

o WhatsApp (4)  

o Other (5) __________________________________________________ 
 

Q15 Do you have any comments you would like to share with the researcher? 

If so, please write them in the box below. Otherwise, just leave it blank  

________________________________________________________________ 

 
Debriefing 
Thank you for your participation in this study. In this study I actually want to study if a label for trustworthy 

AI affects end-users’ trust in and the acceptance of AI systems. For that, I manipulated the scenario by 

assigning one half of participants to a condition in which the AI system had received a label for 

trustworthiness, and one half to a control condition (AI system without any label for trustworthiness). I did 

not disclose the full goal of the tasks you were exposed to as doing so would render the results of the current 

study not informative. 

Appendix 2: Survey 2 

Informed consent 
Welcome and thank you for participating in this experiment on trustworthy artificial intelligence (AI). I, 
Joana Glaum, am conducting this experiment as part of my Master Thesis at Católica Lisbon School of 

Business and Economics, under the supervision of Dr. Filipa de Almeida. This study consists of a scenario 



 58

and multiple questions related to them. It will take around 5 minutes to complete. The purpose is to examine 

the importance of different requirements for trustworthy AI. Your participation will contribute to research 

on trustworthy AI. Please answer as honestly as possible. All answers will be kept strictly confidentially 

and are anonymous. This means that it will not be possible to link your responses to your identity. The data 

collected will be used for research purposes only and may be presented in my thesis or disseminated in 

academic journals, always in an aggregated form, never about any individual response. I ask you to take the 

study in one go, without interruptions. There are no expected side effects of participating in this study 

beyond those associated with looking at a computer screen for circa 5 minutes. You may change your mind 

and drop out at any point of the study during its completion. If you have any questions regarding this study, 

please do not hesitate to contact me: Joana Glaum (s-jmglaum@ucp.pt). By continuing you agree to 

participate. Thank you! 

 
Q1 Do you consent to participate in this study? 

o I consent (1)  

o I do not consent (2)  
 

 

Understanding of AI 
Thank you for consenting to participate. To start, please answer the following question: 

 

Q2 How would you rate your understanding of Artificial Intelligence? 

o Extremely bad (1)  

o Moderately bad (2)  

o Slightly bad (3)  

o Neither good or bad (4)  

o Slightly good (5)  

o Moderately good (6)  

o Extremely good (7)  
 

 

Scenario  
If Condition = No Label 
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Now, I would like to ask you to imagine the scenario described next. Please make an effort to imagine 

yourself in the described situation and answer as realistically as possible. Thank you! 

 

Consider the situation where you are applying for a new job at a company. The company is using an AI 

system* called MyJob for evaluating job applications. You will be required to fill out a form, uploading 

your CV, and submit them along with personal information like address, marital status, employment status 

and references to MyJob. Once assessed, MyJob will determine based on the provided information whether 

or not you will be invited for an interview.  

*AI system stands for 'Artificial intelligence system' which is “a software that is developed with specific 

techniques and approaches and can, for a given set of human-defined objectives, generate outputs such as 

content, predictions, recommendations, or decisions influencing the environments they interact with.” 

(OECD, 2019) 

 
Scenario_label 1 
If Condition = Certification Label 1 

Now, I would like to ask you to imagine the scenario described next. Please make an effort to imagine 

yourself in the described situations and answer as realistically as possible. Thank you! 

 
Consider the situation where you are applying for a new job at a company. The company is using an AI 

system* called MyJob for evaluating job applications. You will be required to fill out a form, uploading 

your CV, and submit them along with personal information like address, marital status, employment status 

and references to MyJob. Once assessed, MyJob will determine based on the provided information whether 

or not you will be invited for an interview. MyJob has received a certification label for trustworthy AI, as 

communicated by the logo below. The label was awarded by a foundation specialized in assessing AI 

trustworthiness. In this process, a panel of experts verified whether a digital service or product offered by a 

company (e.g., an AI as in the scenarios presented) meets certain criteria regarding trustworthy AI. These 

criteria were proposed by the European Commission’s high-level expert group on AI. Take your time to get 

a close look at the label.  
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*AI system stands for 'Artificial intelligence system' which is “a software that is developed with specific 

techniques and approaches and can, for a given set of human-defined objectives, generate outputs such as 

content, predictions, recommendations, or decisions influencing the environments they interact with.” 

(OECD, 2019) 

 
Scenario_label 2 
If Condition = Certification Label 2 (with TAI requirements) 

Now, I would like to ask you to imagine the scenario described next. Please make an effort to imagine 

yourself in the described situations and answer as realistically as possible.  

Thank you! 

 
Consider the situation where you are applying for a new job at a company. The company is using an AI 

system* called MyJob for evaluating job applications. You will be required to fill out a form, uploading 

your CV, and submit them along with personal information like address, marital status, employment status 

and references to MyJob. Once assessed, MyJob will determine based on the provided information whether 

or not you will be invited for an interview. MyJob has received a certification label for trustworthy AI, as 

communicated by the logo on the left side. The label was awarded by a foundation specialized in assessing 

AI trustworthiness. In this process, a panel of experts verified whether a digital service or product offered 

by a company (e.g., an AI as in the scenarios presented) meets certain criteria regarding trustworthy AI. 

These criteria were proposed by the European Commission’s High-level Expert on AI. The criteria are listed 

on the right side next to the label. Take your time to get a close look at the label.  

                                                             
*AI system stands for 'Artificial intelligence system' which is “a software that is developed with specific 

techniques and approaches and can, for a given set of human-defined objectives, generate outputs such as 

content, predictions, recommendations, or decisions influencing the environments they interact with.” 

(OECD, 2019) 

 

Trust in AI 
Thank you. Now, please answer the following questions to the best of your knowledge. 
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Q3 To what extent do you agree to the following statements regarding the presented AI system  

 
Strongly 
disagree 

(1) 

Disagree 
(2) 

Somewhat 
disagree 

(3) 

Neither 
agree 
nor 

disagree 
(4) 

Somewhat 
agree (5) 

Agree 
(6) 

Strongly 
agree 

(7) 

MyJob cares about my well-
being. (1)  o  o  o  o  o  o o  

MyJob is sincerely concerned 
about addressing the problems 
of human users. (2)  o  o  o  o  o  o o  

MyJob tries to be helpful and 
does not operate out of selfish 
interest. (3)  o  o  o  o  o  o o  

MyJob is truthful in its dealings 
with me. (4)  o  o  o  o  o  o o  

MyJob keeps its commitments 
and delivers on its promises. (5)  o  o  o  o  o  o o  

I have never used a smartphone. 
(6)  o  o  o  o  o  o o  

MyJob is honest and does not 
abuse the information and 
advantage it has over its users. 
(7)  

o  o  o  o  o  o o  

MyJob would perform its role 
in evaluating job applications 
well. (8)  o  o  o  o  o  o o  

MyJob is competent in 
evaluating job applications. (9)  o  o  o  o  o  o o  

MyJob has the skills and 
competence to accurately 
evaluate job applications. (10)  o  o  o  o  o  o o  
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Strongly 
disagree 

(1) 

Disagree 
(2) 

Somewhat 
disagree 

(3) 

Neither 
agree 
nor 

disagree 
(4) 

Somewhat 
agree (5) 

Agree 
(6) 

Strongly 
agree 

(7) 

MyJob is reliable in making 
decisions about job applications.    
(11)  o  o  o  o o  o o  

MyJob is dependable. (12)  o  o  o  o o  o o  

 

 
Assuming a reality where you have the possibility to choose whether to use MyJob and other AI 

systems similar to it, please answer the following questions:  

 Q4 To what extent do you agree to the following statements regarding the presented AI system?  

 
Strongly 
disagree 
(1) 

Disagree 
(2) 

Somewhat 
disagree 
(3) 

Neither 
agree nor 
disagree 
(4) 

Somewhat 
agree (5) Agree (6) Strongly 

agree (7) 

I intend to use AI 
systems like MyJob 
for assessing my job 
applications in the 
future. (1)  

o  o  o  o  o  o  o  

I will use AI systems 
like MyJob in the 
future for assessing 
my job applications. 
(2)  

o  o  o  o  o  o  o  

I have concerns 
about AI systems 
like MyJob being 
used for assessing 
my job applications. 
(3)  

o  o  o  o  o  o  o  

 
 

Criteria for TAI 
Thank you! In the following, I would like to ask you to rate the importance of the seven requirements for 

trustworthy AI. 
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Q5 How important are these values for you in the design of trustworthy AI systems that interact with us? 

 
Not 

important 
at all (1) 

Not 
important 

(2) 

Somewhat 
unimportant 

(3) 

Neither 
unimportant 

nor 
important 

(4) 

Somewhat 
important 

(5) 

Important 
(6) 

Extremely 
important 

(7) 

Human agency 
and oversight: 
There is human 
oversight and 
control 
throughout the 
lifecycle of AI-
systems. (1)  

o  o  o  o  o  o  o  

Privacy and data 
governance: 
Competent 
authorities are 
involved in the 
implementation 
of legal 
frameworks and 
guidelines for 
testing and 
certification of 
AI-enabled 
products and 
services. (2)  

o  o  o  o  o  o  o  

Technical 
robustness and 
safety: AI-
systems are 
developed in a 
responsible 
manner with 
proper 
consideration of 
risks. (3)  

o  o  o  o  o  o  o  

Transparency: 
There are 
transparency 
requirements 
that reduce the 
opacity of AI-
systems. (4)  

o  o  o  o  o  o  o  
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Q5 How important are these values for you in the design of trustworthy AI systems that interact with us? 

 
Not 

important 
at all (1) 

Not 
important 

(2) 

Somewhat 
unimportant 

(3) 

Neither 
unimportant 

nor 
important 

(4) 

Somewhat 
important 

(5) 

Important 
(6) 

Extremely 
important 

(7) 

Diversity, non-
discrimination 
and fairness: 
Rules designed 
to protect 
fundamental 
human rights, 
such as equality, 
are applied in 
the conception 
of AI-systems. 
(5)  

o  o  o  o  o  o  o  

Societal and 
environmental 
well-being: AI-
systems are 
programmed to 
conform to the 
best standards of 
sustainability 
and address like 
issues climate 
change and 
environmental 
justice. (6)  

o  o  o  o  o  o  o  

Accountability: 
AI-systems are 
programmed to, 
at any step, be 
accountable for 
considering 
their impact in 
the world. (7)  

o  o  o  o  o  o  o  

 

Q6 Are there any other factors or criteria not mentioned in this survey that you believe are crucial for 

determining the trustworthiness of AI systems?  
________________________________________________________________ 
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Final questions 
Thank you for your answers. To end, I would like you to please answer a couple of demographic questions, 

as well as questions related to the experiment. I emphasize that all answers are anonymous and confidential, 

which implies that I am unable to link your responses to your person. 

 
Q7 Answering the questions of this study was... 

o Extremely difficult (1)  

o Moderately difficult (2)  

o Slightly difficult (3)  

o Neither easy nor difficult (4)  

o Slightly easy (5)  

o Moderately easy (6)  

o Extremely easy (7)  
 

Q8 Imagining the previously described scenario was... 

o Extremely difficult (1)  

o Moderately difficult (2)  

o Slightly difficult (3)  

o Neither easy nor difficult (4)  

o Slightly easy (5)  

o Moderately easy (6)  

o Extremely easy (7)  
 
Q9 What is your gender? 

o Male (1)  

o Female (2)  

o Other (3) __________________________________________________ 

o Prefer not to say (4)  
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Q10 How old are you?  

________________________________________________________________ 

 
Q11 Where are you from? 

▼ Afghanistan (1) ... Zimbabwe (1357) 

 

Q12 What is you highest level of education? 

o Less than Secondary education (1)  

o Secondary education (2)  

o Bachelor’s degree (3)  

o Master's degree (4)  

o Doctoral degree (5)  

o Other (6) __________________________________________________ 
 
 
Q13 What is your current employment status? 

o Employed (1)  

o Freelancer (2)  

o Unemployed (3)  

o Student (4)  

o Worker and Student (5)  

o Retired (6)  

o Other (7) __________________________________________________ 
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Q14 How comfortable are you with the English language? 

o Extremely uncomfortable (1)  

o Somewhat uncomfortable (2)  

o Neither comfortable nor uncomfortable (3)  

o Somewhat comfortable (4)  

o Extremely comfortable (5)  
 

Q15 How much attention did you pay during this survey? 

o None at all (1)  

o A little (2)  

o A moderate amount (3)  

o A lot (4)  

o A great deal (5)  
 
Q16 Through which channel or platform did you access this survey? 

o E-Mail (1)  

o LinkedIn (2)  

o Social Media (Instagram, Facebook) (3)  

o WhatsApp (4)  

o Other (5) __________________________________________________ 
 

Q17 Do you have any comments you would like to share with the researcher? 

If so, please write them in the box below. Otherwise, just leave it blank  
________________________________________________________________ 

 
Debriefing 
Thank you for your participation in this study. In this study I actually want to study if a label for trustworthy 

AI affects end-users’ trust in and the acceptance of AI systems. Moreover, I want to measure the importance 

of the seven requirements for trustworthy AI that were proposed by the European Commission’s high-level 
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expert group for AI.   

For that, I manipulated the scenario by assigning one third of participants to a condition in which the AI 

system had received a label for trustworthiness, but without communicating the trustworthy requirements; 

one third to a condition where the label displayed the requirements for trustworthy AI, and one third to a 

control condition (AI system without any label for trustworthiness and communication of requirements).   

On the basis of the results of the survey, I aim to examine which of the seven requirements are most powerful 

in communicating trustworthiness to end-users of AI systems.  

I did not disclose the full goal of the tasks you were exposed to as doing so would render the results of the 

current study not informative. 

 

Data Analysis Study 1 

Appendix 3: Demographics  

Descriptive Statistics for Age 

 N Minimum Maximum Mean Std. Deviation 

How old are you? 121 21.00 60.00 27.6446 5.86779 

Valid N (listwise) 121     
 
 
Frequency table for Gender 
 N % 
Male 51 39.5% 
Female 75 58.1% 
Missing System 3 2.3% 

 

 
 
Frequency table for Education  

 N % 
Secondary education   4 3.1% 
Bachelor’s degree 64 49.6% 
Master's degree 51 39.5% 
Doctoral degree 1 0.8% 
Other 1 0.8% 
Missing System 8 6.2% 
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Frequency table for Employment Status 
 N % 
Employed 59 45.7% 
Freelancer 4 3.1% 
Unemployed 1 0.8% 
Student 41 31.8% 
Worker and Student 21 16.3% 
Missing System 3 2.3% 

 
 
Frequency table for Country of Residence 

 N % 
Austria 2 1.6% 
Belgium 5 3.9% 
Denmark 4 3.1% 
France 1 0.8% 
Germany 87 67.4% 
Netherlands 2 1.6% 
New Zealand 1 0.8% 
Poland 2 1.6% 
Portugal 13 10.1% 
Switzerland 1 0.8% 
Missing System 11 8.5% 

 
 
Descriptive Statistics for Understanding of AI 

 
 N Minimum Maximum Mean Std. Deviation 
How would you rate your 
understanding of Artificial 
Intelligence? 

128 2 7 5.30 1.07 

Valid N (listwise) 128     
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Appendix 4: Scale Reliability  

A reliability analysis was conducted on the full sample of Study 1 to test for the Cronbach’s alpha 

(α) of the three scales used. According to Hair et al. (2013), a construct is considered reliable if the 

α value is greater than .70. The results of the reliability analysis revealed that both the affective 

trust scale (α = .86) and the cognitive trust scale (α = .93) showed high internal consistency between 

the items and are reliable enough to predict the respective variables. Similarly, the DV scale was 

also found reliable (α = .87). The reliability analysis was performed on the full sample, before the 

data cleaning. 

Reliability Statistics 

  
Cronbach's Alpha 

Cronbach's Alpha 
Based on 

Standardized Items N of Items 
Affective Trust .86 .86 6 
Cognitive Trust .93 .93 5 

Behavioral intention 
to use .87 .87 3 

 
 
Appendix 5: Mixed ANOVA  

A mixed ANOVA was performed on the full sample to evaluate the effect of the label scenario 
(absence vs. presence) on end-users’ trust (cognitive and affective) and their behavioral intention 
to use the AI. The effect of the different label conditions on end-users’ trust was significant at 
the 5%-level, F(1, 134) = 27.14, p < .001, such that the certification label had a greater influence 
on both cognitive (M = 5.11, SD = 1.28, t(134) = 4.91, p < .001) and affective trust (M = 4.64, SD 
= 1.01, t(134) = 4.79, p < .001) in the AI system, compared to the scenario where the AI did not 
receive any label for TAI (Affective: M = 3.81, SD = 1.14; Cognitive: M = 4.20, SD = 1.15). This 
supports H1a and since the label leads to higher levels of cognitive than effective trust, H1b is also 
supported. Moreover, the effect of the AI label on behavioral intention to use (M = 4.55, SD = 1.37) 
was above and beyond the effect of the control scenario (M = 3.42, SD = 1.31, t(134) = 5.03, p < 
.001), which supports H2. 
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Descriptive Statistics 
 Scenario Mean Std. Deviation N 
Affective Trust .00 3.81 1.14 68 

1.00 4.64 1.01 68 
Total 4.28 1.15 136 

Cognitive Trust .00 4.2 1.15 68 
1.00 5.11 1.28 68 
Total 4.66 1.29 136 

Behavioral_Trust .00 3.43 1.32 68 
1.00 4.56 1.37 68 
Total 3.99 1.46 136 

 
 
Tests of Between-Subjects Effects 
 

Measure:   MEASURE_1   
Transformed Variable:   Average   

 

Source 

Type III 
Sum of 
Squares df Mean Square F Sig. 

Partial Eta 
Squared 

Noncent. 
Parameter 

Observed 
Powera 

Intercept 7519,86 1 7519.86 2191.51 <.001 .94 2191.51 1.000 
Scenario 93,13 1 93.13 27.14 <.001 .17 27.14 .999 
Error 459,80 134 3.43      
a. Computed using alpha = .05 

 

Appendix 6: Hayes PROCESS Model 4  

A multiple mediation analysis was performed to test H3, whether cognitive and affective trust 

significantly mediate the relationship between the label scenario and the behavioral intention to use 

the AI. The Hayes PROCESS Model 4 was performed on the full sample and the covariate 

“understanding of AI” was not included. Table 1 shows the results for the a-path, and Table 2 for 

the b-path. The bootstrap confidence interval for the indirect effect of affective trust was entirely 

above zero (CI [.15, .63]), suggesting that affective trust mediates the association between the label 

scenario and the acceptance of the AI system. The same mediating effect was found for cognitive 

trust on the relationship between the label scenario and behavioral intention to use as the bootstrap 
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intervall did not include zero (CI [.20, .75]). Therefore, H3 was supported. As the contrast indicates 

that the difference between the mediation effect is significant (C1 CI [.13, .41]), and according to 

the b-paths stronger for cognitive (b1 = .48) than affective trust (b2 = .44), H3b can also be 

supported. 

 

Variable  Affective trust (M1)  Cognitive trust (M2) 

  B SE p β  B SE p β 

X  
(label scenario) a1 .83 .18 .000 .72 a2 .91 .21 .000 .69 

  R² = .1303  R² = .1227 
  F(1,134) = 20.07, p < .001  F(1,134) = 18.74, p < 001 

Table 1: Hayes PROCESS Model 4 a-path results 

 

Variable  Behavioral intention to use (Y) 
  B SE p β 

X (label scenario) c .33 .17 .049 .22 
M1 (Affective Trust) b1 .44 .10 .000 .35 
M2 (Cognitive Trust) b2 .48 .09 .000 .43 

  R² = .5924 
  F(3,132) = 63.95, p < .001 

Table 2: Hayes PROCESS Model 4 b-path results 
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Data Analysis Study 2 
 
Appendix 7: Demographics  

Descriptive Statistics for Age 
 N Minimum Maximum Mean Std. Deviation 
How old are you? 218 19.00 60.00 28.03 6.71 
Valid N (listwise) 218     

 
Frequency table for Gender 
 N % 

Male 74 33.5% 

Female 144 65.2% 

Missing System 3 1.4% 
 

Frequency table for Education 
 N % 
Less than Secondary education 2 0.9% 
Secondary education 10 4.5% 
Bachelor’s degree 107 48.4% 
Master's degree 89 40.3% 
Doctoral degree 6 2.7% 
Other 1 0.5% 
Missing System 6 2.7% 

 
Frequency table for Employment status 
 N % 
Employed 108 48.9% 
Freelancer 8 3.6% 
Unemployed 3 1.4% 
Student 78 35.3% 
Worker and Student 20 9.0% 
Retired 1 0.5% 
Missing System 3 1.4% 
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Frequency table for Country of Residence 
 N % 
Afghanistan 2 0.9% 
Albania 1 0.5% 
Australia 1 0.5% 
Austria 19 8.6% 
Belgium 7 3.2% 
Croatia 1 0.5% 
Czech Republic 2 0.9% 
Denmark 8 3.6% 
France 9 4.1% 
Germany 139 62.9% 
Hungary 1 0.5% 
Nepal 1 0.5% 
Netherlands 1 0.5% 
Norway 1 0.5% 
Portugal 9 4.1% 
Zimbabwe 1 0.5% 
Missing System 18 8.1% 
 
Descriptive Statistics for Understanding of AI 

 
 N Minimum Maximum Mean Std. Deviation 
How would you rate your 
understanding of Artificial 
Intelligence? 

221 1 7 5.48 .91 

Valid N (listwise) 221     
 

Appendix 8 : Scale Reliability  

A reliability analysis was conducted on the full sample of Study 2 to test for the Cronbach’s α of 

the three scales used. The results of the reliability analysis revealed that the affective trust scale (α 

= .94) and the cognitive trust scale (α = .97) were found reliable since the α value is greater than 

.70. Thus, both constructs showed high internal consistency between the items and are reliable 

enough to predict the respective variables. Similarly, the DV scale was also found reliable (α = 

.92).  
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Reliability Statistics 

  
Cronbach's Alpha 

Cronbach's Alpha 
Based on 

Standardized Items N of Items 
Affective Trust .94 .94 6 

Cognitive Trust .97 .97 5 
Behavioral intention 

to use .92 .93 3 

 

Appendix 9 : Mixed ANOVA  

The mixed ANOVA revealed a significant difference between the effect of the independent 

variable (no label vs. certification label vs. label with requirements) on user trust in AI (cognitive 

and affective trust), F(2, 219)= 172.94, p < .001. A planned contrast indicated that the effect of the 

certification label 2 on affective as well as cognitive trust was above and beyond the effect of the 

AI system without any label (Affective trust: t(139) = 4.12, p < .001; Cognitive trust: t(145) = 4.20, 

p < .001). The same effect was found between the effect of the AI with the certification label 1 and 

the control condition (Affective trust: t(120) = 10.89, p < .001; Cognitive trust: t(141) = 12.38, p < 

.001). Moreover, the effect of the certification label 2 on cognitive as well as affective trust was 

above and beyond the effect of the AI system with the certification label 1 (Affective trust: t(138) 

= 13.27, p < .001; Cognitive trust: t(139) = 16.70, p < .001).  

The results demonstrate that the certification label 2 had the greatest influence on both cognitive 

(M = 6.29; SD = .82) and affective trust (M = 5.28, SD = .75) in the AI system, followed by the 

certification label from Study 1 (Cognitive: M = 5.70, SD = .87; Affective: M = 4.83; SD = .57) 

and the AI system without any label had the lowest impact on cognitive (M = 3.78; SD = .99) and 

affective trust (M = 3.44, SD = .92). Thus, the results of the mixed ANOVA support the findings 

from Study 1 as well as H1a. Moreover, the findings suggest that displaying trustworthiness 

requirements on the label translates into higher trust in the AI system. Therefore, H4 is also 

supported. As in Study 1, it can also be derived from the results that in both cases the label leads 

to higher levels of cognitive than effective trust. H1b is therefore supported.  
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Descriptive Statistics 
 

 Scenario Mean Std. Deviation N 
Affective_Trust .00 3.45 .92 73 

1.00 4.83 .57 73 
2.00 5.29 .75 76 
Total 4.53 1.09 222 

Cognitive_Trust .00 3.79 .99 73 
1.00 5.71 .87 73 
2.00 6.29 .82 76 
Total 5.28 1.39 222 

Behavioral_Trust .00 3.02 .88 73 
1.00 5.09 .82 73 
2.00 5.37 .94 76 
Total 4.50 1.37 222 

 
 
Tests of Between-Subjects Effects 
 

Measure:   MEASURE_1   
Transformed Variable:   Average   

Source 
Type III Sum of 

Squares df 
Mean 

Square F Sig. 
Partial Eta 
Squared 

Noncent. 
Parameter 

Observed 
Powera 

Intercept 15087.37 1 15087.37 8428.64 <.001 .98 8428.64 1.00 
Scenario 619.14 2 309.57 172.94 <.001 .61 345.88 1.00 
Error 392.01 219 1.79      
a. Computed using alpha = .05 

 

Appendix 10 : Hayes PROCESS Model 4 

To test the robustness of the findings from Study 1, a simple mediation analysis was performed by 

the PROCESS SPSS macro to test whether H3 also holds true for the data of Study 2. The Hayes 

PROCESS Model 4 was performed on the full sample and the covariate “understanding of AI” was 

not included. Table 1 shows the results for the a-path, and Table 2 for the b-path. Using indicator 

coding, the control group was set as reference group and the treatments group were compared to it. 

The bootstrap confidence interval for the indirect effect of affective trust based on 5,000 bootstrap 

resamples was entirely above zero (X1: CI [.101, .71]; X2: CI [1.02, 1.87]), suggesting that 
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affective trust mediates the association between the label scenarios and the acceptance of the AI 

system. The same mediating effect was found for cognitive trust on the relationship between the 

label scenarios and the DV as the bootstrap intervall did not include zero (X1: CI [1.27, 1.48]; X2: 

CI [1.02, 1.87]). Thus, support was found for H3 that cognitive and affective trust significantly 

mediated the relationship between the label scenarios and the behavioral intention to use the AI. 

As the contrast indicates that the difference between the mediation effect is significant (C1 CI [.22, 

.58]), and according to the b-paths stronger for cognitive (b1 = .57) than affective trust (b2 = .28), 

H3b can also be supported. The results also contributes to the robustness of the findings of Study 

1.  

Variable  Affective trust (M1)  Cognitive trust (M2) 

  B SE p β  B SE p β 

X1 (label) a1 1.38 .12 .000 1.26 a2 1.92 .14 .000 1.37 

X2 (label with 
requirements) a1a 1.83 .12 .000 1.68 a2a 2.50 .14 .000 1.79 

  R² = .5151  R² = .5891 

  F(2, 219) = 116.29, p < .001  F(2, 219) = 157.00, p < .001 
Table 1: Hayes PROCESS Model 4 a-path results 

 

Variable  Behavioral intention to use (Y) 
  B SE p β 

X1 (label) c1 .59 .12 .000 .43 
X2 (label with 
requirements) c2 .41 .13 .0039 .30 

M1 (Affective Trust) b1 .28 .07 .0003 .23 
M2 (Cognitive Trust) b2 .57 .06 .000 .58 

  R² = .8379 
  F(4, 217) = 280.33, p < .001 

Table 2: Hayes PROCESS Model 4 b-path results 
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Appendix 11: Repeated measures ANOVA 

To test whether one of the seven requirements for TAI was perceived as especially important by 

end-users regarding their interaction with AI systems, a repeated measures ANOVA was performed 

on the data of the participants in the control group before the elimination of participants. This 

approach was chosen because in the control group, an influence of the AI labels on the importance 

perception of the requirements could be prevented. The Mauchly’s Test of Sphericity indicated that 

the assumption of sphericity is violated, p < .001, however the Greenhouse Geisser test indicates a 

significant difference at a 5% level between the importance of the requirements, p < .001. From 

the results of the repeated measures ANOVA, it becomes evident that Transparency is of greatest 

importance for end-users regarding their interaction with AI systems (M = 6.32, SD = .671). 

Moreover, the importance of this requirement was significantly different to those of the other 

requirements for TAI (MD to second highest requirement = .76, p < .001). Privacy and Data 

Governance was rated as the second most important requirement for TAI (M = 5.55, SD = .713), 

however, it was not significantly more important than the third requirement (MD = .30, p < .114). 

Thus, H5 can only partially be supported. 

Descriptive Statistics 
 Mean Std. Deviation N 
Human agency and oversight 4.70 .90 71 
Privacy and data governance 5.55 .71 71 
Technical robustness and safety 5.24 .73 71 
Transparency 6.32 .67 71 
Diversity, non-discrimination and 
fairness 

5.18 .78 71 

Societal and environmental well-being 4.49 1.22 71 
Accountability 4.87 .92 71 

 
 
Pairwise Comparisons Table 
Measure:   MEASURE_1   

(I) 
Requirements 

(J) 
Requirements 

Mean 
Difference 

(I-J) Std. Error Sig.b 

95% Confidence Interval for 
Differenceb 

Lower Bound 
Upper 
Bound 

Human agency 
and oversight 

2 -.859* .119 <.001 -1.235 -.483 
3 -.563* .111 <.001 -.914 -.213 
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4 -1.634* .133 <.001 -2.054 -1.213 
5 -.493* .118 .002 -.866 -.119 
6 .197 .148 1.000 -.270 .665 
7 -.183 .137 1.000 -.614 .247 

Privacy and 
Data 
Governance 

1 .859* .119 <.001 .483 1.235 
3 .296 .103 .114 -.029 .621 
4 -.775* .090 <.001 -1.059 -.490 
5 .366* .110 .030 .018 .714 
6 1.056* .150 <.001 .584 1.529 
7 .676* .123 <.001 .287 1.065 

Technical 
Robustness and 
Safety 

1 .563* .111 <.001 .213 .914 
2 -.296 .103 .114 -.621 .029 
4 -1.070* .109 <.001 -1.413 -.728 
5 .070 .093 1.000 -.222 .362 
6 .761* .121 <.001 .379 1.142 
7 .380* .101 .007 .062 .699 

Transparency 1 1.634* .133 <.001 1.213 2.054 
2 .775* .090 <.001 .490 1.059 
3 1.070* .109 <.001 .728 1.413 
5 1.141* .116 <.001 .776 1.506 
6 1.831* .168 <.001 1.302 2.360 
7 1.451* .120 <.001 1.072 1.829 

Diversity, non-
discrimination 
and fairness 

1 .493* .118 .002 .119 .866 
2 -.366* .110 .030 -.714 -.018 
3 -.070 .093 1.000 -.362 .222 
4 -1.141* .116 <.001 -1.506 -.776 
6 .690* .111 <.001 .340 1.040 
7 .310* .084 .009 .045 .575 

Societal and 
environmental 
well-being 

1 -.197 .148 1.000 -.665 .270 
2 -1.056* .150 <.001 -1.529 -.584 
3 -.761* .121 <.001 -1.142 -.379 
4 -1.831* .168 <.001 -2.360 -1.302 
5 -.690* .111 <.001 -1.040 -.340 
7 -.380* .097 .004 -.686 -.075 

Accountability 1 .183 .137 1.000 -.247 .614 
2 -.676* .123 <.001 -1.065 -.287 
3 -.380* .101 .007 -.699 -.062 
4 -1.451* .120 <.001 -1.829 -1.072 
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5 -.310* .084 .009 -.575 -.045 
6 .380* .097 .004 .075 .686 

Based on estimated marginal means 

*. The mean difference is significant at the .05 level. 

b. Adjustment for multiple comparisons: Bonferroni. 
 


