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Despite advances in technology, artificial intelligence (AI) still commonly makes errors. 
The popular press demonstrates examples of AI which are not error-free, and recent aca-
demic literature calls for scrutinizing AI’s pitfalls. This study explores the consequences 
of AI-induced errors from a marketing perspective. Specifically, we explore consumer re-
sponses to different error types as the literature distinguishes technical errors, resulting 
from a technical disruption of algorithmic processes, and social errors, representing task 
outcomes that may be mathematically correct but deemed inappropriate due to a social 
norm violation. We also investigate the impact of error severity by distinguishing between 
low and high error severity. This distinction is important because prior research has shown 
different response patterns depending on error severity. Errors can sometimes even evoke 
positive reactions as described by the pratfall effect. Based on data gathered in four studies, 
we find that severe errors, regardless of error type, evoke negative responses from consum-
ers. However, minor social errors lead to significantly fewer negative consumer responses 
than minor technical errors. Cognitive and affective trust mediate the relationship between 
error type and consumer responses. Our results also reveal that companies should incorpo-
rate explainable AI (XAI) into AI applications to mitigate negative effects on consumer 
responses to erring AI. This study provides a granular perspective on consumer responses 
to erroneous AI and highlights the importance of AI’s adherence to social norms. Specifi-
cally, minor social errors could foster the stigmatization of minorities and suggest the ne-
cessity of implementing additional safeguards against social norm violations by AI. 

Keywords: artificial intelligence, social norm violation, cognitive trust, affective trust, 

pratfall effect 
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Introduction 

In March 2016, Microsoft launched a chatbot on Twitter based on artificial intelligence (AI). 

While chatting with real users, chatbot “Tay” was supposed to learn from conversations with us-

ers and gather data for future human-AI interactions. Yet, the tone changed quickly within less 

than 24 hours from conversations about puppies and kittens to “[…] bush did 9/11 and Hitler 

would have done a better job than the monkey we have now […]” (Hunt, 2016). Microsoft was 

forced to take its AI-based chatbot offline the day after it was launched, as Tay was not able to 

differentiate between appropriate and socially unacceptable posts. Tay’s inappropriate behavior 

consequently led to its downfall, despite the chatbot’s success (from an algorithmic point of 

view) in independently conversing with other users. There are other examples of AI-induced er-

rors, such as Amazon’s intelligent recruiting application, which preferred male applicants over 

female applicants, even with similar qualifications (Weissmann, 2018). Despite progress in tech-

nology and AI outperforming humans in many tasks, AI still commonly errs in practice. Not 

every AI-induced error results in drastic consequences, but examples from the popular press 

demonstrate that AI is not error-free, and recent literature calls for scrutiny of AI’s pitfalls 

(Agarwal et al., 2020; de Bruyn et al., 2020). Specifically, a review of the existing literature re-

veals three research gaps that the present study addresses. 

First, current research primarily focuses on the “bright” side of AI applications. AI refers to 

technologies “that mimic human intelligence in tasks such as learning, planning, and problem-

solving through higher level, autonomous knowledge creation” (de Bruyn et al. 2020, p.93). In-

telligence describes the ability to self-learn and update knowledge based on previous decisions 

(Huang & Rust, 2021). Today, AI takes on tasks that were previously thought to be impossible to 

achieve by machines, such as composing music (Castelo et al., 2019), creating art (Jago, 2019), 

or writing journalistic articles (Mariani et al., 2022). AI applications are being used in many 
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domains, including marketing. Marketing research has begun to examine how AI can change the 

consumer journey (Hoyer et al., 2020), how patients can be convinced of medical AI (Longoni et 

al., 2019), and how AI helps segment target markets (Huang & Rust, 2021). 

Interestingly, there is scant empirical work on the downsides of AI from a marketing perspec-

tive. Initial research has shown that the application of AI in marketing can be challenging 

(Kopalle et al., 2022; Srinivasan & Sarial-Abi, 2021). For example, practitioners must be careful 

when applying AI in the field of customer experience management and pay close attention to 

long-term trade-offs for short-term benefits (Kozinets & Gretzel, 2021). Applying AI in market-

ing poses a threat for companies to successively disconnect from their customers (Puntoni et al., 

2021). Despite these initial insights, the negative consequences of AI applications in marketing 

have not been sufficiently researched. We address this gap in the literature and shed further light 

on the “dark side” of AI (Davenport et al., 2020; de Bruyn et al., 2020). 

Second, the literature lacks insights on the consequences of different types of errors in human-

AI interactions (Dijkstra, 1999; Renier et al., 2021). One downside of AI is that due to its self-

learning capacities, AI is “likely […] to generate unexpected, delayed, and hard-to-quantify con-

sequences” (de Bruyn et al. 2020, p. 97). Such consequences are often erroneous outcomes that 

consumers must deal with. For example, social errors can occur in AI applications, such as Ama-

zon’s intelligent recruiting application preferring male over female applicants even with similar 

qualifications. Furthermore, technical errors can occur, for example, when Apple’s voice assistant 

Siri fails to understand voice input and reacts strangely or not at all. In addition, the severity of 

errors can differ. Interestingly, most prior research has only examined consumer reactions to AI 

either underperforming relative to personal expectations or overperforming relative to human 

standards. For example, Longoni et al. (2019) found a weaker general consumer preference for 

AI despite outperforming humans. Some research in the field of information systems (IS) and 
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robotics has focused on the consequences of errors in human-robot interactions (Giuliani et al., 

2015; Primiero, 2014). For example, humans display different body languages when confronted 

with error situations caused by a robot, (Giuliani et al., 2015) and the cause of the error (i.e., lack 

of effort vs. lack of ability) predicts the level of responsibility attributed to a robot (van der 

Woerdt & Haselager, 2019). 

Although errors are usually associated with undesirable outcomes, it is particularly interesting 

that some types of errors can also evoke positive reactions. The pratfall effect describes a situa-

tion in which committing an error elicits positive instead of negative responses (Aronson et al., 

1966). For example, when a robot commits a minor error, it makes the robot more likeable (Mir-

nig et al., 2017; Ragni et al., 2016). While it is reasonable to assume varying effects of different 

forms of error (e.g., social vs. technical errors or minor vs. severe errors) in human-AI interac-

tions, existing research has tended to represent a generalized understanding of the error terminol-

ogy, and a more granular exploration of potentially varying consequences is lacking. From a mar-

keting perspective, we address this gap in the current literature and explore consumer responses 

to these different types of errors in human-AI interactions. 

Third, owing to the scant research on AI-induced errors, there is currently little understanding 

of how to deal with errors committed by AI from a practitioner’s point of view. Some pioneering 

work provides practical recommendations for minimizing the negative impact of likely errors in 

the application of AI in a business context. Srinivasan and Sarial-Abi (2021) show that it is favor-

able to dehumanize an erring algorithm because when an error occurs, consumers are likely to 

blame an anthropomorphized algorithm more harshly than a dehumanized one. To this extent, 

erring algorithms based on machine learning or those supervised by humans evoke more negative 

consumer responses than simple algorithms and technological supervision (Srinivasan & Sarial-

Abi, 2021). Consequently, companies are advised not to publicize the fact that the employed 
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algorithm is based on machine learning or that humans supervise the algorithm to attenuate nega-

tive consumer responses to errors. Apart from these empirical findings, there is little research on 

managerial strategies for coping with AI-induced errors. We address this research gap by explor-

ing the potential of eXplainable AI (XAI) as a possible mitigation strategy for erring AI. XAI is a 

new class of AI that can explain how a specific output is generated (van der Waa et al., 2021), 

providing consumers the opportunity to comprehend the AI’s decision-making process and inter-

pret a generated outcome (Miller, 2019; Shin, 2021). Research on XAI yields evidence that 

providing users with explanations of how a system works improves their attitudes toward AI 

(Rai, 2020; van der Waa et al., 2021). Therefore, we explored XAI as a potential mechanism to 

deal with consumer responses evoked by AI errors.  

To address the identified gaps in research, we conducted four studies, scrutinizing consumer re-

sponses to different error types in AI applications and investigating the effectiveness of XAI as a 

managerial coping strategy. In Studies 1 and 2, we examined different error types (technical er-

rors vs. social errors) with varying severities in scenario-based experiments. We show that tech-

nical errors lead to different consumer responses than social errors. The severity of the error fur-

ther influences this differential effect by acting as a moderating variable. In Studies 2 and 3, we 

focused on the underlying mechanisms explaining the differences in consumer responses to errors 

in AI applications, investigating the role of cognitive and affective trust as mediators in the rela-

tionship between error type and consumer responses. Finally, in Study 4, we investigated the po-

tential role of XAI in the context of erroneous AI outcomes. Our data provides evidence that XAI 

can mitigate the impact of social errors on consumer responses. 

Our findings provide three main contributions to marketing theory and practice. First, we en-

hance the literature on the disadvantages of AI applications in marketing. Specifically, we ex-

plore errors in human-AI interactions and elucidate how consumers react to these negative 
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outcomes in AI applications. This approach enables us to offer insights to companies and policy-

makers on AI’s negative impact on consumers without causing actual economic damage or harm-

ing real market participants. Second, by distinguishing between different types of errors and vary-

ing error severity in our investigation, we contribute to a nuanced understanding of the impact of 

errors. In our study, we focus on technical errors, representing execution failures within the AI 

application, and social errors, describing AI outcomes that violate social norms. By specifically 

dealing with social errors, we provide managers with knowledge about the importance of socially 

responsible AI applications, considering the social norms of consumers and the prevalent data bi-

ases in AI applications. We present robust evidence that minor social errors can prompt reactions 

similar to error-free performance. These findings are fundamental to the theory and initial evi-

dence that not every error is necessarily associated with negative consumer responses. Third, we 

enhance the understanding of XAI in the marketing context after errors occur. To date, no empiri-

cal research has investigated the effectiveness of XAI as a managerial mitigation strategy in erro-

neous human-AI interactions. Our findings provide important insights for managers and AI pro-

grammers seeking to integrate XAI into the AI-customer interface. 

Theoretical foundations 

Research on human-computer interaction demonstrates that humans can relate to computers in a 

manner similar to how they would relate to other humans (Nass & Moon, 2000). In our research 

on erroneous AI, we draw on scholarly works on the cognitive and emotional capabilities of ma-

chines and algorithms (Castelo et al., 2019; Haslam et al., 2008). The differentiation between 

cognitive and emotional capabilities that individuals ascribe to other entities is based on the find-

ings from dehumanization research (Haslam et al., 2008), as further elaborated in the following. 

Research on dehumanization distinguishes between dimensions that are similar to agency and 

experience. Human uniqueness abilities consist of cognition, civility, and culture, while human 
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nature abilities comprise emotional and affective characteristics, such as desire, warmth, and intu-

ition (Haslam et al., 2008). Besides humans, machines, and robots demonstrate a certain level of 

cognitive abilities and, therefore, possess human uniqueness abilities (Haslam et al., 2008; 

Loughnan & Haslam, 2007). However, machines are seen to lack human nature abilities that are 

associated with emotions and affective characteristics (Haslam et al., 2008; Loughnan & Haslam, 

2007). 

Building on dehumanization research, we emphasize the conceptual distinction between pre-

dominantly cognitive capabilities (akin to human uniqueness abilities) and primarily emotional 

capabilities (akin to human nature abilities). Current AI research provides evidence that intelli-

gent algorithms and AI are perceived to display cognitive rather than emotional capabilities 

(Castelo et al., 2019; Loughnan & Haslam, 2007; Srinivasan & Sarial-Abi, 2021). We add to this 

line of literature by examining the influence of AI-induced errors on the perceived capabilities of 

AI. 

Literature overview and hypotheses development 

Erroneous AI 

Prior literature claims that consumers assign cognitive, but not emotional capabilities to machines 

(Haslam et al., 2008; Loughnan & Haslam, 2007). Castelo et al. (2019) provide additional evi-

dence in this regard and show that consumers trust algorithms that perform objective tasks more 

than subjective tasks. The authors argue that objective tasks are associated more with cognitive 

capabilities, whereas subjective tasks are associated with emotional capabilities (Castelo et al., 

2019; Inbar et al., 2010). Based on these findings, we conclude that not only the task, but also the 

task outcome must be associated with AI’s cognitive and emotional capabilities. However, not 

every task outcome is a positive outcome. A general problem with self-learning AI addressed by 

prior literature is that the complexity of the problems to be solved by AI is both, a blessing and a 
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curse as AI can generate outcomes that fail to meet expectations (de Bruyn et al., 2020, p. 97). 

For example, negative outcomes such as errors are likely to occur because of the autonomous 

generation of knowledge structures with AI (de Bruyn et al., 2020). 

Despite the relevance and potential impact of erroneous AI applications on consumers, research 

in marketing on AI-induced errors is scarce. Initial studies indicate that consumers prefer humans 

over AI and demonstrate more tolerance toward human errors (versus AI-induced errors), despite 

AI’s superior performance (Dietvorst et al., 2016). Research in the field of psychology has of-

fered various distinctions of errors, often based on the definition of errors as non-random failures 

to achieve an intended outcome in a planned sequence of mental or physical activities (Reason, 

1990). The IS and robotics literature acknowledges errors based on their causes, such as technical 

errors or social errors (Giuliani et al., 2015; Honig & Oron-Gilad, 2018; Mirnig et al., 2017). Ap-

plied to our research context, technical errors refer to AI failing to either execute an algorithmic 

task (due to the lack of expertise) or generate an intended outcome due to a technical disruption 

of algorithmic processes. One example of a technical error is the AI application GPT-3, which 

repeatedly suggested incorrect timeslots for medical appointments. While the intelligent algo-

rithm was able to execute the task of arranging medical appointments, it failed to give patients the 

correct time slots (Quach, 2020).  

Social errors refer to outcomes that may be correct from an algorithmic standpoint, but deviate 

from a social script. Hence, despite AI successfully performing a task, the generated outcome is 

deemed inappropriate and therefore erroneous. What society considers inappropriate depends on 

social norms. Social norms are “social attitudes of approval and disapproval, specifying what 

ought to be done and what ought not to be done” (Sunstein, 1996, p. 914). Thus, social norms de-

note a society’s shared understanding of permitted or unacceptable behavior that is not imposed 

by laws (Melnyk et al., 2022). Uber’s AI-driven pricing algorithm committed a social error in 
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2017 when it identified an increase in demand for drivers and, therefore, increased the fare on the 

ride-hailing platform. Since the increased demand resulted from people trying to escape terrorist 

attacks, Uber was heavily criticized for profiting from this tragedy (Riley, 2017) and faced nega-

tive consumer responses. 

Incorporating the aspect of AI-induced errors, such as technical and social errors, into the con-

cept of dehumanization suggests that consumers ascribe different cognitive and emotional capa-

bilities to erring AI. Based on the evidence that objective (subjective) tasks are associated with 

cognitive (emotional) capabilities (Castelo et al., 2019; Inbar et al., 2010), we infer that task out-

comes also trigger associations of cognitive and emotional capabilities. Thus, consumers seem to 

have clear expectations regarding an algorithm’s cognition and emotional capabilities, which are 

presumably revaluated after the occurrence of an error. The ascribed capabilities then determine 

consumers' responses to the errors (Srinivasan & Sarial-Abi, 2021).  

However, before certain consumer responses to different error types can be hypothesized, prior 

research on service failures points to the magnitude of errors as an additional variable influencing 

consumers (Sivakumar et al., 2014). Rationally, one expects consumers to dislike errors and re-

spond negatively to them. While minor errors may be seen as minor irritation, severe errors most 

likely evoke strong negative responses, such as frustration or annoyance. Interestingly, prior re-

search in the field of psychology emphasizes that errors, failures, or mistakes – depending on 

how severe they are – can have positive effects on individuals. What is referred to as the pratfall 

effect comes into play when an individual, attributed with high intellectual abilities, commits a 

blunder or so-called pratfall, thereby showing imperfection, approachability, and, thus, attractive-

ness (Aronson et al., 1966). In line with the notion of the pratfall effect, studies investigating hu-

man-robot interactions reveal that, depending on the type of error, humans can have positive 

emotions toward robots that err (Mirnig et al., 2017). Qualitative research shows that if AI breaks 
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a social norm, for example, by cutting off users while they speak, positive responses, such as 

smiling or laughing, can be elicited, whereas technical errors lead to negative user reactions, such 

as signs of frustration or frowning (Giuliani et al., 2015). Prior research also emphasizes that the 

pratfall effect can only occur for minor errors, whereas severe errors always lead to negative re-

actions (Aronson et al., 1966). Hence, depending on the error type, we expect error severity to be 

a crucial factor influencing consumer responses to errors. 

Considering the different types of errors with varying severity, we expect consumers to associ-

ate changing cognitive and emotional capabilities with erring AI. Since consumers generally as-

cribe higher cognitive than emotional capabilities to AI (Haslam et al., 2008; Loughnan & Has-

lam, 2007), technical errors tarnish people’s mind perception of AI as being capable on a cogni-

tive level. Therefore, we predict that technical errors, regardless of their severity, demonstrate a 

lack of cognitive capability, leading to negative consumer responses. In contrast, social errors de-

note outcomes that are technically correct but violate a social norm. As the perception of norms 

varies depending on the individual (Kallgren et al., 2000), social errors represent subjective short-

comings and are presumably attributed to AI’s expected lack of emotional capabilities. The find-

ings of Castelo et al. (2019) support this assumption. According to the authors, consumers rely 

more on algorithms that perform objective tasks and expect AI to perform worse in subjective 

contexts. In this respect, social errors presumably indicate high degrees of subjectivity, reminding 

consumers of AI’s lower emotional capabilities. Since consumers expect AI to have few emo-

tional capabilities, we assume that consumers overlook minor social errors, leading to attenuated 

consumer responses in comparison to minor technical errors. In contrast, we hypothesize that 

consumers will not tolerate severe social errors and interpret them as proof of AI missing cogni-

tive and emotional capabilities. We hypothesize: 
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H1: Error type and error severity interact in affecting consumers, such that minor technical 

errors lead to more negative consumer responses than minor social errors. 

The role of trust in human-AI interactions 

Empirical evidence points out that trust is not only an essential factor for successful branding ac-

tivities (Rajavi et al., 2019) or relationship marketing (Geyskens et al., 1996) but is also a crucial 

predictor of consumer responses to technology (Glikson & Woolley, 2020). Analogous to con-

sumers ascribing cognitive and emotional capabilities to AI, there is also a cognitive and affective 

dimension when consumers develop trust in the technology they are using (Hildebrand & 

Bergner, 2021; Hoff & Bashir, 2015). We investigated the role of these trust dimensions when AI 

commits technical or social errors. 

Early work on trust in the marketing domain conceptualized a person’s willingness to rely on 

and confidence in an exchange partner as trust (Moorman et al., 1993). As Moorman et al. (1993) 

argues, this definition embraces two aspects: the person’s beliefs in somebody’s competence and 

reliability, and also the person’s reliance on the trustee and, therefore, the demonstration of the 

trustor’s vulnerability. In psychology literature, scholars began to untangle the concept of human 

trust, resulting in several subdimensions, including honesty and benevolence(Anderson & Weitz, 

1989). More recent work in marketing adopted this view, extending our understanding of trust 

based on cognition and affection (Geyskens et al., 1996). 

Indeed, a growing body of research shows that trust consists of both cognitive and affective 

components (Johnson & Grayson, 2005; Tomlinson et al., 2020; Wang et al., 2016). The central 

element of cognitive trust is the trustor’s perception of the trustee’s rational evaluations (Glikson 

& Woolley, 2020), including competence and the degree of responsibility displayed (McAllister, 

1995; Qiu & Benbasat, 2009). Competence is understood as the trustee’s accumulated knowledge 

(Johnson & Grayson, 2005), while responsibility reflects the expected likelihood of applying 
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accumulated knowledge. The emotional dimension of a trustor-trustee relationship is represented 

by affective trust (Johnson & Grayson, 2005). McAllister (1995) recognized the importance of 

this emotional relationship and described affective trust as the trustee’s care and sensibility from 

the viewpoint of the trustor (McAllister, 1995). It is the trustor’s confidence in the trustee to per-

form a task or make a decision based on feelings and the perceived intrinsic motivation of the 

trustee (Johnson & Grayson, 2005). A recent line of research supports these beliefs about benevo-

lence and integrity (Benbasat & Wang, 2005; McKnight et al., 2002). While benevolence de-

scribes the trustor’s belief that the trustee cares about the partner, integrity means that the trustee 

maintains promises and follows a set of principles that the trustor acknowledges (Benbasat & 

Wang, 2005). Building on these insights, we understand cognitive trust as the trustee’s ability to 

do what the trustor needs, whereas affective trust refers to the trustee’s care and sensibility when 

performing a task. 

Marketing scholars have applied the concepts of cognitive and affective trust in an AI context, 

demonstrating that both dimensions have a positive effect on consumer intentions to use algo-

rithms (Castelo et al., 2019; Wang et al., 2016). Wang et al. (2016) showed that affective trust 

contributes to the enjoyment of recommendation agents, whereas cognitive trust determines the 

perceived usefulness of this technology (Wang et al., 2016). We explore the role of cognitive and 

affective trust in the context of AI errors as the underlying mechanism to explain the differences 

in consumer responses. Drawing on the concept of dehumanization, we expect that the cognitive 

and emotional capabilities ascribed to erring AI are also reflected in consumers’ cognitive and 

affective trust in AI. Hence, AI-induced errors prompt consumers to question not only the ana-

lytic capacities of AI but also its social sensibility. Therefore, cognitive and affective trust medi-

ate consumer responses. Thus, we hypothesize: 

H2: Cognitive and affective trust mediate the effect of error type on consumer responses. 
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Mitigating negative responses through explainable AI 

AI outcomes can often be easily evaluated (for example, is the picture correctly identified? Does 

the self-driving car stop at the red light?), but humans have little understanding of how AI appli-

cations reach their conclusions (Haenlein & Kaplan, 2019). Thus, AI is often referred to as an 

opaque black box, (Rai, 2020) making it difficult to trust it from a consumer’s point of view 

(Haenlein & Kaplan, 2019). Opacity becomes a problem when the understanding of how an out-

come is generated is crucial, such as in the healthcare sector, where AI supports physicians with 

critical information (e.g., diagnosing skin cancer). AI programmers and scholars have, therefore, 

been working on a new class of so-called eXplainable AI (XAI), which generates output along 

with an explanation of how the output was determined (van der Waa et al., 2021). By providing 

additional information about the functioning of or reasons for the produced outcome, XAI is 

deemed to increase system understanding and improve the utility of its outcomes (van der Waa et 

al., 2021). Thus, XAI can be defined as a “class of systems that provide visibility into how an AI 

application makes decisions and predictions and executes its actions” (Rai 2020, p 137-138). 

More specifically, we note that XAI not only explains why a certain outcome was produced, but 

also provides the user with a better understanding of the system and its operations (Arrieta et al., 

2020; Shin, 2021). 

Research on XAI yields evidence that providing users with explanations of how a system works 

enhances their attitudes toward AI (Rai, 2020; van der Waa et al., 2021). To understand why ex-

planations can have a positive effect on AI perception, we draw on insights from psychological 

research on human judgment. According to Malle (2006), individuals demand explanations when 

socially interacting with others to establish a shared meaning, change others’ beliefs, or influence 

their actions. For AI, providing explanations creates such shared meaning in a human-AI interac-

tion (Miller, 2019) and can enhance users’ attitudes toward AI (Rai, 2020). Based on these 

Marketing Science Institute Working Paper Series



14 

findings, we emphasize the importance of the explainability of AI in building rapport between 

consumers and AI applications. 

Explainability is also of interest concerning AI-induced errors because it helps consumers com-

prehend the erroneous decision-making process or interpret its outcomes (Miller, 2019; Shin, 

2021). Empirical findings on human decision-making support this claim, as individuals ask for 

explanations to resolve dissonant information (Malle, 2006). Dissonant information refers to con-

tradictions, non-normative actions, or incidents that people find unusual (Hilton, 1996; Malle, 

2006). Thus, behavior or events that do not follow a norm or ignore the usual conventions prompt 

others to question the action and ask for an explanation (Hilton, 1996). In the context of this 

study, AI-induced social errors represent such non-normative actions. On the one hand, we antici-

pate that consumers appreciate XAI in the case of social errors, which, in turn, will positively af-

fect consumer responses. Technical errors, on the other hand, are defined as the result of a tech-

nical disruption of algorithmic processes or AI’s lack of expertise. Hence, following the argument 

of Hilton (1996), technical errors may evoke contradictions, such as illogical results or no out-

come at all, but do not reflect non-normative behavior. Therefore, we expect consumers to associ-

ate technical errors with the AI’s lack of expertise, requiring no explanation. Consequently, we 

assume that XAI has a weaker effect on consumer responses after the occurrence of a technical 

error versus a social error. We hypothesize: 

H3: Error type and XAI interact in affecting consumers, such that XAI will have a 

stronger positive effect on consumer responses after social errors (vs. technical errors). 

Study 1: The moderating role of error severity 

To test whether technical errors provoke different consumer responses as compared to social er-

rors depending on their severity, we conducted a scenario-based online experiment in a 2 (error 

type: technical versus social) × 2 (error severity: low versus high) factorial design. An error-free 
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interaction scenario was used in the control group. We recruited 268 US-based participants 

(Mage= 35.9 years, 39.2% female) on MTurk who were randomly assigned to one of the five sce-

narios, resulting in approximately 50 participants per cell. 

Method 

Participants were introduced to an AI-based voice assistant with multiple features and invited to 

imagine themselves asking the assistant to tell a joke in front of family and friends. In the low-

severity condition of the technical error, the voice assistant was asked to repeat the command 

three times before stating that it could not help. Under the high-severity condition, the voice as-

sistant failed to respond at all. To represent a minor social error, the voice assistant told an offen-

sive joke against blondes, whereas it told a discriminatory joke against people of color, as a social 

error of high severity. In the control group, the voice assistant told an inoffensive and nondis-

criminatory joke (see Appendix A). 

To measure AI likability we used four items: “dislike/ like,” “unfriendly/ friendly,” “unkind/ 

kind,” and “unpleasant/ pleasant” (Bartneck et al., 2008). Moreover, we measured AI competence 

and future use intention on seven-point Likert scales (1 = “strongly disagree” to 7 = “strongly 

agree”) (Cuddy et al., 2008; Qiu & Benbasat, 2009). As control variables, we measured familiar-

ity with voice assistants (Gillath et al., 2021), and participants also provided their basic demo-

graphic information, including their ethnicity, due to the discriminatory joke against people of 

color. See Table 1 for the descriptive statistics. 
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Table 1. Descriptive statistics (Study 1, Study 2, Study 3, and Study 4) 
Study 1 

    M SD α CR 1 2 3 4 5 
1 AI competence 4.35 1.92 0.93 0.95 0.91     

2 AI likability 4.59 1.85 0.92 0.94 .83*** 0.90    

3 Use intention 4.23 2.10 0.94 0.96 .85*** .83*** 0.94   

Study 2 
    M SD α CR 1 2 3 4 5 
1 AI competence 4.56 1.63 0.92 0.95 0.9     

2 AI likability 4.60 1.41 0.92 0.95 .61*** 0.91    

3 Use intention 3.69 2.04 0.98 0.99 .54*** .61*** 0.98   

4 Cognitive trust 4.53 1.65 0.95 0.96 .78*** .59*** .55*** 0.93  

5 Affective trust 3.83 1.61 0.91 0.93 .74*** .70*** .55*** .66*** 0.86 
Study 3 

    M SD α CR 1 2 3 4   
1 AI competence 4.20 1.72 0.93 0.95 0.91     

2 Use intention 4.29 1.86 0.98 0.99 .55*** 0.98    

3 Cognitive trust 4.25 1.54 0.95 0.96 .77*** .61*** 0.93   

4 Affective trust 3.25 1.45 0.89 0.92 .65*** .39*** .59*** 0.84  

Study 4 
    M SD α CR 1 2 3 4 5 
1 AI competence 3.82 1.89 0.95 0.97 0.94     

2 AI usefulness 3.60 2.07 0.96 0.97 .86*** 0.95    

3 Use intention 3.25 2.09 0.98 0.99 .79*** .83*** 0.98   

Note. *p < .05, **p < .01, ***p < .001; M = Mean; SD = Standard Deviation; a = Cronbach’s alpha; CR = Composite 

Reliability; Diagonal elements in bold are square roots of the average variance extracted (AVE); Off-diagonal elements 

are inter-construct correlation. 

Analysis and discussion 

Manipulation check: We used 7-point Likert scales to test whether the participants regarded the 

interaction with the voice assistant as technically or socially incorrect. As intended, t-tests re-

vealed that technical errors were perceived as technically more incorrect than social errors (Mtech 

= 4.61 vs. Msocial = 3.21 (vs. Merror-free = 2.16); t(216) = 5.228, p < .001), whereas social errors 

were regarded as socially more incorrect (Mtech = 3.99 vs. Msocial = 4.70 (vs. Merror-free = 2.98); 

t(216) = -2.856, p = .005). Furthermore, error severity was successfully manipulated (Mlowseverity = 

4.00 vs. Mhighseverity = 4.79; t(216) = -3.666, p < .001).  
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Results: We found support for H1 as our analysis revealed significant interaction effects be-

tween error type and error severity on consumer responses. Specifically, we found a significant 

interaction effect between error type and error severity on AI competence (F(1,214) = 4.221, p = 

.041) and significant main effects for error type (F(1,214) = 14.053, p < .001) and severity 

(F(1,214) = 11.021, p = .001). For technical errors, error severity had no significant impact on AI 

competence (MlowSeverity = 3.77 vs. MhighSeverity = 3.46; t(107) = .817, p = .416), but error severity 

led to significant differences in AI competence for social errors (MlowSeverity = 5.21 vs. MhighSeverity 

= 3.88, t(107) = 4.250, p < .001). Furthermore, we found a significant interaction effect between 

error type and error severity on use intention (F(1,214) = 12.441, p < .001) and significant main 

effects for error type (F(1,214) = 13.828, p < .001) and error severity (F(1,214) = 13.314, p < 

.001). Again, in the technical error condition, error severity did not affect use intention (MlowSever-

ity = 3.44 vs. MhighSeverity = 3.41; t(107) = .081, p = .935), whereas use intention differed signifi-

cantly in the social error condition (MlowSeverity = 5.37 vs. MhighSeverity = 3.46, t(107) = 5.409, p < 

.001). When we included control variables, such as ethnicity and age, in our two analyses, the in-

teraction effects remained significant. These results provided support for error severity acting as a 

moderator between error type and consumer responses. 

In addition, the data revealed a significant interaction effect between error type and error sever-

ity on AI likability (F(1,214) = 10.067, p = .002) as well as main effects for error type (F(1,214) 

= 7.045, p = .009) and error severity (F(1,214) = 21.497, p < .001). While error severity had no 

significant impact on AI likability after technical errors (MlowSeverity = 4.15 vs. MhighSeverity = 3.81; 

t(107) = 1.023, p = .309), we found significant differences in AI likability after social errors 

(MlowSeverity = 5.52 vs. MhighSeverity = 3.69; t(107) = 5.590, p < .001), supporting the notion of the 

pratfall effect for low-severity social errors (see Figure 1). Interestingly, when we compared AI 

perceptions after minor social errors and the control group (error-free performance), we found 
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that perceptions were not significantly different (AI likability: MlowSeverity = 5.52 vs. Merror-free = 

5.84, t(103) = -1.501, p = .068; AI competence: MlowSeverity = 5.21 vs. Merror-free = 5.52, t(103) = -

1.226, p = .223). These results suggest that consumers do not differentiate between error-free AI 

and AI that makes minor social errors. 

Figure 1. Interaction Effect on AI Competence and AI Likability (Study 1) 

According to the results of Study 1, error severity moderates the relationship between error type 

and consumer responses. Minor technical errors lead to more negative consumer responses than 

minor social errors do, supporting our predictions (H1). In addition, as consumers like AI com-

mitting minor social errors we find support for the notion of the pratfall effect. 

Study 2: The mediating role of cognitive and affective trust 

To assess the robustness of our findings from Study 1, we replicated the experiment by recruiting 

participants from a different panel provider. In addition, we investigated the mediating role of 

cognitive and affective trust at varying levels of error severity. For this purpose, we recruited 339 

US-based participants on Prolific (Mage= 39.3, 45.4% female) and conducted a 2 (error type: tech-

nical versus social) × 2 (severity: low versus high) factorial design experiment with an error-free 

baseline condition as before. 

Method 
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As in the previous study, participants were introduced to an AI-based voice assistant, who was 

asked to tell a joke in front of family and friends. The scenarios were the same as in Study 1, and 

the participants were randomly assigned to one of the five scenarios. We also incorporated and 

adapted multiple items from various seven-point Likert scales to measure consumers’ cognitive 

and affective trust (1 = “strongly disagree” to 7 = “strongly agree”). We measured cognitive trust 

using six items (McAllister, 1995; McKnight et al., 2002; Qiu & Benbasat, 2009) and adjusted 

their wording to the AI context wherever needed. To measure affective trust, we used eight items 

for the subdimension “benevolence” and five items for “integrity” (adapted from Gillath et al., 

2021; Hildebrand & Bergner, 2021; Johnson & Grayson, 2005; McAllister, 1995; McKnight et 

al., 2002; Qiu & Benbasat, 2009). We performed a confirmatory factor analysis (CFA) that indi-

cated a very good model fit and reliability of our items (see Appendix C). Furthermore, discrimi-

nant validity among our constructs was also supported (see Table 1). 

Analysis and discussion 

Manipulation check: As intended, t-tests showed that technical errors were considered technically 

more incorrect (Mtech = 5.51 vs. Msocial = 2.98 (vs. Merror-free = 1.87); t(271) = 11.843, p < .001), 

whereas social errors were seen socially more incorrect (Mtech = 3.03 vs. Msocial = 4.47 (vs. Merror-

free = 1.53); t(271) = -6.132, p < .001). The manipulation of error severity was also successful 

(Mlowseverity = 2.16 vs. Mhighseverity = 4.04; t(271) = -7.751, p < .001). 

Results: Again, we found significant interaction effects between error type and error severity on 

AI competence (F(1,269) = 6.970, p = .009) and use intention (F(1,269) = 29.604, p < .001). 

Consistent with our results obtained in Study 1, there was no difference in AI competence or use 

intention after a technical error, despite different error severities (AI competence: MlowSeverity = 

4.24 vs. MhighSeverity = 4.16; t(135) = .284, p = .777; use intention: MlowSeverity = 3.35 vs. MhighSeverity 

= 3.52; t(135) = -.522, p = .603). In the social error condition, however, consumers perceived the 
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AI-based voice assistant committing minor errors as significantly more competent (MlowSeverity = 

5.10 vs. MhighSeverity = 4.03; t(134) = 4.090, p < .001) and displayed higher intentions to use the 

assistant again (MlowSeverity = 4.62 vs. MhighSeverity = 2.35; t(134) = 7.450, p < .001). The interaction 

results did not change when hair color or ethnicity was controlled for. 

Figure 2. Interaction Effect on AI Competence and AI Likability (Study 2) 

To investigate whether we find evidence of the pratfall effect, we ran a factorial Analysis of 

Variance (ANOVA) with AI likability as the dependent variable. As in Study 1, we discerned a 

significant interaction effect between error type and error severity on AI likability (F(1,269) = 

16.556, p < .001). The data yielded significant differences in the technical error condition (MlowSe-

verity = 4.78 vs. MhighSeverity = 4.38; t(135) = 2.129, p = .035) as well as in the social error condi-

tion, where AI likability was significantly higher for minor social errors than for social errors of 

high severity (MlowSeverity = 5.10 vs. MhighSeverity = 3.46, t(134) = 6.691, p < .001). We then com-

pared AI perceptions after minor social errors with those in the control group. As in Study 1, we 

found that these perceptions were not significantly different (AI likability: MlowSeverity = 5.10 vs. 

Merror-free = 5.32, t(131) = -1.015, p = .312; AI competence: MlowSeverity = 5.10 vs. Merror-free = 5.33, 

t(131) = -.891, p = .375), indicating that minor social errors trigger the same AI perceptions as 

error-free AI results (see Figure 2). When we controlled for hair color, the results did not change. 
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The replication of Study 1’s results demonstrates the robustness of the effects and our previous 

findings. 

To analyze the mediating effects of cognitive and affective trust on consumer responses, we es-

timated a moderated mediation model (Hayes, 2017 Model 7; 5,000 bootstrap samples). Table 2 

presents the results of our models for the two dependent variables, AI competence and use inten-

tion. The discriminant validity of the two mediators was confirmed using the Fornell-Larcker cri-

terion (Fornell & Larcker, 1981). 

Table 2. Regression and mediation analysis (Study 2) 
(N = 339) Coefficient s.e. t 95% CIs 
Interaction effects on mediators     
Error typea × error severityb on cognitive trust   -1.15** .38 -3.01 [-1.90, -.40] 
Error typea × error severityb on affective trust   -.88* .38 -2.34 [-1.62, -.14] 
Mediation effect of cognitive trust on AI competence 
(conditional indirect effects, error typea→cognitive trust→AI competence) 
Error severity = low   .41 .15 – [.13, .70] 
Error severity = high   -.19 .14 – [-.48, .08] 
Index of moderated mediation   -.59 .21 – [-1.02, -.20] 
Mediation effect of affective trust on AI competence 
(conditional indirect effects, error typea→affective trust→AI competence) 
Error severity = low   .26 .11 – [.05, .49] 
Error severity = high   -.07 .10 – [-.28, .12] 
Index of moderated mediation   -.33 .16 – [-.66, -.05] 
Mediation effect of cognitive trust on use intention 
(conditional indirect effects, error typea→cognitive trust→use intention) 
Error severity = low   .28 .13 – [.07, .57] 
Error severity = high   -.13 .11 – [-.38, .06] 
Index of moderated mediation   -.41 .19 – [-.85, -.10] 
Mediation effect of affective trust on use intention 
(conditional indirect effects, error typea→affective trust→use intention) 
Error severity = low   .27 .14 – [.05, .58] 
Error severity = high   -.08 .11 – [-.30, .13] 
Index of moderated mediation   -.35 .18 – [-.76, -.05] 

Note. *p < .05, **p < .01; s.e. = standard error. CI = Confidence Interval. a Dummy: technical error (1) vs. social error 
(2); b Dummy: low (1) vs. high (2) error severity. 

The analysis revealed significant moderated mediation of AI competence by cognitive trust (in-

dex = -.59, 95% CI = [-1.02, -.20]) and affective trust (index = -.33, 95% CI = [-.66, -.05]). Both 

mediators significantly impacted the relationship between error type and AI competence (ßcognitive 

= .52, p < .001; ßaffective = .37, p < .001; R2 = .69) and rendered the direct effect of error type on 
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AI competence insignificant (ßdirect = .17, p = .13). When analyzing for mediating effects on use 

intention, we also found a significant moderated mediation through cognitive trust (index = -.41, 

95% CI = [-.85, -.10]) and affective trust (index = -.35, 95% CI = [-.76, -.05]). These results were 

robust when controlling for hair color, ethnicity, or demographics. 

In summary, the results of Study 2 are twofold. First, supporting H1, error types and error sever-

ity interact such that minor technical errors evoke more negative consumer responses than minor 

social errors. In addition, we again found a notion of the pratfall effect, suggesting that consum-

ers regard AI committing minor social errors as likable and competent as error-free AI. Second, 

the two trust dimensions of cognitive and affective trust mediate the effects of error type on con-

sumer responses. This finding supports H2 and emphasizes the importance of the affective trust 

dimension, which has been less regarded in the literature thus far, concerning erroneous AI. 

Study 3: The mechanism of trust before and after AI-induced errors 

To better understand the mechanisms of cognitive and affective trust as mediators, we conducted 

another scenario-based online experiment. We ran a 2 × 2 between-within design and measured 

consumers’ cognitive and affective trust in AI for different error types (technical versus social er-

rors) at two different time points (before versus after an error occurred). The error severity was 

kept constant and represented both minor errors. An error-free interaction scenario was used in 

the control group. In total, we randomly assigned 301 participants (Mage= 33, 50.8% female) from 

the panel provider Prolific to one of the three scenarios. 

Method 

Across our three scenarios, we introduced participants to an AI-based voice assistant with multi-

ple functions, such as playing a trivia, ordering products online, or making appointments. For the 

manipulation, the scenario described a voice assistant being asked to play music. In the technical 

error condition, the voice assistant failed to react to several vocal commands and did not respond. 
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In the social error condition, the voice assistant played music with an explicit song text from the 

rapper “CupcaKKe”. In the control condition, the voice assistant played the song “Blinding 

Lights” by The Weeknd, which does not contain explicit lyrics. The questionnaire followed the 

scenario and contained the same scales as in Study 2. 

Analysis and discussion 

Manipulation check: As intended, t-tests uncovered that technical errors were perceived as tech-

nically more incorrect than social errors (Mtech = 6.32 vs. Msocial = 4.30 (vs. Merror-free = 1.84); 

t(200) = 10.155, p < .001), whereas social errors were regarded as socially more incorrect (Mtech 

= 3.65 vs. Msocial = 4.73 (vs. Merror-free = 1.51); t(200) = -4.673, p < .001). 

Results: We conducted t-tests to explore potential differences in consumer responses to AI de-

pending on the type of error induced in the scenario. We found that AI competence was perceived 

as significantly more positive after AI committed a social error versus a technical error (Mtech = 

2.923 vs. Msocial = 4.29; t(200) = -6.578, p < .001). Similarly, participants’ use intention was sig-

nificantly higher in the social error condition than in the technical error condition (Mtech = 3.80 

vs. Msocial = 4.26, t(200) = -1.749, p = .041. When we included the control variables of error se-

verity and familiarity with AI, our results remained significant. 

Mediation analyses: In line with H2, we aimed to explore cognitive and affective trust as the po-

tential underlying mechanism to explain differences in consumer responses to AI-induced errors. 

To that effect, we conducted mediation analyses (Hayes, 2017 Model 4, 5,000 bootstrap samples) 

with error type as the independent variable, cognitive and affective trust as dual mediators, and 

AI competence and use intention as the dependent variables. We assessed the discriminant valid-

ity of the two mediators using the Fornell-Larcker (1981) criterion (see Table 1). 

Our results showed a significant indirect effect between error type and AI competence (ßTOTAL = 

.92, 95% CI: = [.56; 1.26]), with the direct effect remaining significant when accounting for the 
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mediators (ßdirect = .52, p = .001). The effects of error type on AI competence were partially medi-

ated by cognitive trust (ßcognitive = .64, 95% CI: = [.37; .92]) and affective trust (ßaffective = .28, 

95% CI: = [.12; .48]), with cognitive trust being the main dimension influencing AI competence. 

Moreover, we examined the relationship between error type and use intention and found full me-

diation through cognitive and affective trust, as the indirect effect was significant (ßindirect = .81, 

95% CI: = [.47; 1.15]), whereas the direct effect was not (ßdirect = -.35, p = .13). Both mediators 

had a significant effect on use intention (ßcognitive = .59, 95% CI = [.29; .92]; ßaffective = .22, 95% 

CI = [.001; .49]). Again, our results indicate that cognitive trust was the main driver of the media-

tion effects (see Table 3). 

Table 3. Regression and mediation analysis (Study 3) 
(N = 301) Coefficient s.e. t 95% CIs 
Mediation effect on AI competencea     
Total indirect effect   .92 .18 – [.56, 1.26] 
Indirect effect through cognitive trust   .64*** .14 – [.37, .92] 
Indirect effect through affective trust   .28*** .09 – [.12, .48] 
Mediation effect on use intentiona     
Total indirect effect   .81 .17 – [.47, 1.15] 
Indirect effect through cognitive trust   .59*** .16 – [.29, .92] 
Indirect effect through affective trust   .22* .13 – [.00, .49] 

Note. *p < .05, **p < .01, ***p < .001; s.e. = standard error. CI = Confidence Interval. a Dummy: technical error (1) vs. 
social error (2) 

Between-within analysis: We conducted a repeated-measures factorial ANOVA with cognitive 

trust as the dependent variable and found a significant interaction effect between error type and 

pre-post-timing (F(2,298) = 45.082, p < .001) as well as significant main effects of error type 

(F(2,298) = 16.316, p < .001) and pre-post-timing (F(1,298) = 315.858, p < .001). The analysis 

revealed that regardless of the error type, cognitive trust decreased significantly after the occur-

rence of an error (p < .001). Tukey’s A-HSD test (p < .05) showed that the cognitive trust levels 

(post-timing) in all three conditions were significantly different from each other, with the lowest 

mean in the technical error condition (Mtech = 3.43 vs. Msocial = 4.50 vs. Merror-free = 5.16).  

Marketing Science Institute Working Paper Series



25 

A second repeated-measures factorial ANOVA with affective trust as the dependent variable 

again resulted in a significant interaction effect between error type and pre-post-timing (F(2,298) 

= 45.002, p < .001), as well as significant main effects of error type (F(2,298) = 5.481, p = .005) 

and pre-post-timing (F(1,298) = 92.440, p < .001). Again, we found that the occurrence of AI-

induced errors leads to a decrease in affective trust, resulting in the lowest affective trust level in 

the technical error condition (Mtech = 2.71 vs. Msocial = 3.73 vs. Merror-free = 3.93; F(2,298) = 

21.647, p < .001). A post-hoc analysis with Tukey’s A-HSD test (p < .05) revealed that affective 

trust in the technical error condition was significantly different from the means of the other two 

conditions (social error and control group). Consequently, we provide evidence that technical er-

rors (versus social errors) influence affective trust more (less) negatively, leading to more (less) 

negative consumer responses. 

Study 3 offers two key findings. First, in support of H1, we again provide evidence that consum-

ers respond more negatively to AI committing technical errors than to AI committing social er-

rors. Second, supporting H2, cognitive and affective trust mediates the relationship between error 

types and consumer responses, that is, AI competence and use intention. We found that the occur-

rence of AI-induced errors leads to a decrease in cognitive trust, regardless of the error type. Af-

fective trust, however, is particularly low after technical errors, which, in turn, negatively affects 

consumer responses. The influence of social errors on affective trust is not as strong, leading to 

more positive consumer responses than technical errors. 

Study 4: The moderating role of XAI 

Finally, we conducted an experiment to investigate whether XAI is a helpful measure for mitigat-

ing the negative effects of AI-induced errors. We recruited 337 participants on MTurk and ran-

domly assigned them to one of four conditions of a 2 (error type: technical versus social) × 2 

Marketing Science Institute Working Paper Series



26 

(XAI: absent versus present) factorial design with two error-free control groups (XAI: absent ver-

sus present). 

Method 

Participants were again introduced to an AI-based voice assistant with multiple functions. In this 

scenario, the participants were invited to imagine themselves asking the voice assistant to make a 

gift recommendation for a friend. This scenario was chosen because real AI-based voice assis-

tants such as Google or Amazon’s Alexa have similar functions. Analogous to Amazon’s Alexa, 

our error-free baseline scenario described the voice assistant responding to the user’s command 

and putting three potential gifts in an online shopping cart. The participant was then able to make 

the final decision and purchase one of the items. In the control group, the shopping cart contained 

a unisex sports t-shirt, a pair of colorful socks, and a wall calendar. Under the social error condi-

tion, the shopping cart contained items similar to those in the control group. However, every item 

reflected a social error: the t-shirt read “Keep calm and hit her,” the socks displayed marijuana 

leaves, and the calendar contained nude pictures. To increase external validity, we chose items 

offered in the past on Amazon. In the technical error condition, the voice assistant reacted to the 

vocal commands, but failed to execute the task. 

To manipulate XAI, we included (omitted) the sentence “I’m using your search history and cus-

tomer ratings to make recommendations” as a response of the voice assistant to the participant’s 

command. This manipulation of XAI represented a “global explanation” of the functioning of the 

system, as it reveals, in parts, the process of how XAI generates an outcome (Rai, 2020). To em-

phasize the XAI feature in our scenarios, we also added a post-hoc explanation with the voice as-

sistant concluding its task by saying “Based on your search history and customer ratings, I found 

three potential gifts. I’ve added them to your shopping cart.” Post-hoc explanations are a typical 

feature of XAI (Kenny et al., 2021) and have been used in other studies (Ehsan et al., 2019). To 
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ensure external validity, we kept both explanations as short as possible, assuming that real con-

sumers would not be willing to listen to elaborate explanations of the voice assistant. Because we 

manipulated the level of explainability of AI, we expected consumers to better understand the 

voice assistant and its task outcomes with XAI present (versus absent). Therefore, we tested 

whether consumers would find the voice assistant not only more competent but also more useful 

in performing this type of task. To measure AI usefulness, we included four items on a seven-

point Likert scale (1 = “strongly disagree” to 7 = “strongly agree”) (Qiu & Benbasat, 2009). In ad-

dition, we applied the same scales as those used in previous studies. 

Analysis and discussion 

Manipulation check: As intended, technical errors were regarded as technically more incorrect 

than social errors (Mtech = 5.62 vs. Msocial = 4.51 (vs. Merror-free = 3.12), t(243) = 5.376, p < .001). 

Social errors were perceived as socially more incorrect than technical errors (Mtech = 3.43 vs. Mso-

cial = 5.08 (vs. Merror-free = 2.61); t(243) = -7.618, p < .001). Moreover, XAI was successfully ma-

nipulated, as participants rated the voice assistant’s explainability as significantly higher in the 

scenarios when XAI was present than when it was absent (MXAIabsent = 3.20 vs. MXAIpresent = 4.97, 

t(335) = -9.519, p < .001). 

Results: We again found support for H1 as our analysis revealed significant interaction effects 

between error type and error severity on AI competence. We conducted moderation analyses 

(Hayes, 2017 Model 1, 5,000 bootstrap samples), with error type as the independent variable, er-

ror severity as the moderator, and AI competence as the dependent variable. The results showed 

that error severity significantly moderated the effect of error type on perception of AI compe-

tence (ΔR² = 4.30%, F(1, 241) = 11.348, p < .001, 95% CI [-.65, -.17]). Moreover, we were inter-

ested in how consumers perceive the voice assistant’s usefulness after it committed either a tech-

nical or a social error. We analyzed the moderation effect through error severity and found a 
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significant moderation effect between error type and AI usefulness (ΔR² = 4.00%, F(1, 241) = 

10.346, p = .002, 95% CI [-.67, -.16]).  

To better understand the impact of error severity on both variables, we conducted a floodlight 

analysis based on the Johnson-Neyman technique to identify where the simple effects of error 

type on AI competence and AI usefulness were significant (Spiller et al., 2013). Regarding AI 

competence, we found that up to an error severity of 4.49, AI competence was rated significantly 

higher in the social error condition (versus the technical error condition; Figure 3). In the case of 

AI usefulness, the analysis revealed significantly higher ratings after social errors (versus tech-

nical errors) up to the Johnson-Neyman point of 4.18. 

Figure 3. Error type × error severity on AI competence and AI usefulness 

 

Double moderation effects: Accounting for XAI as a second moderator in the relationship be-

tween error type and consumer responses, we conducted three double moderation analyses 

(Hayes, 2017 Model 2, 5,000 bootstrap samples). Our data showed that error severity and XAI 

moderated the effect between error type and AI competence significantly (ΔR² = 5.16%, F(2, 

239) = 6.879, p = .001). The conditional effects of error type at different levels of error severity 

and XAI revealed that after social errors, AI competence was positively impacted by the presence 

of XAI for minor to moderately severe errors (see Table 4). 
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Table 4. Regression and mediation analysis (Study 4) 
(N = 337) Coefficient s.e. t 95% CIs 
Interaction effects on AI usefulness     
Error typea × error severity   -.42** .13 -3.22 [-.67, -.16] 
Conditional effects on AI usefulness at      
1 SD below the mean of error severity = 2.12 1.34*** .34 3.97 [.67, 2.00] 
Mean of error severity = 3.94 .57* .24 2.40 [.10, 1.04] 
1 SD above the mean of error severity = 5.77 -.19 .34 -.58 [-.86, .47] 
Interaction effects on AI competence     
Error typea × error severity   -.41*** .12 -3.37 [-.65, -.17] 
Conditional effects on AI competence at      
1 SD below the mean of error severity = 2.12 1.44*** .32 4.55 [.81, 2.06] 
Mean of error severity = 3.94 .68** .22 3.07 [.24, 1.12] 
1 SD above the mean of error severity = 5.77 -.07 .32 -.22 [-.69, .55] 
Conditional effects on AI competence at values of both moderatorsb: 
1 SD below the mean of error severity, XAI absent 1.02* .40 2.57 [.24, 1.81] 
1 SD below the mean of error severity, XAI present 1.74*** .37 4.67 [1.01, 2.47] 
Mean of error severity = 3.94, XAI absent .31 .32 .98 [-.31, .93] 
Mean of error severity = 3.94, XAI present 1.03** .31 3.31 [.41, 1.64] 
1 SD above the mean of error severity, XAI absent -.40 .38 -1.07 [-1.14, .34] 
1 SD above the mean of error severity, XAI present .31 .39 .80 [-.46, 1.09] 
Conditional effects on AI usefulness at values of both moderatorsb: 
1 SD below the mean of error severity, XAI absent .89* .42 2.11 [.06, 1.73] 
1 SD below the mean of error severity, XAI present 1.69*** .40 4.24 [.90, 2.47] 
Mean of error severity = 3.94, XAI absent .16 .34 .49 [-.50, .83] 
Mean of error severity = 3.94, XAI present .96** .33 2.89 [.30, 1.61] 
1 SD above the mean of error severity, XAI absent -.56 .40 -1.41 [-1.36, .23] 
1 SD above the mean of error severity, XAI present .23 .42 .54 [-.60, 1.05] 
Conditional effects on use intention at values of both moderatorsb: 
1 SD below the mean of error severity, XAI absent -.44 .43 -1.02 [-1.28, .41] 
1 SD below the mean of error severity, XAI present .81* .40 2.03 [.02, 1.60] 
Mean of error severity = 3.94, XAI absent -.91** .34 -2.66 [-1.58, -.24] 
Mean of error severity = 3.94, XAI present .35 .33 1.03 [-.31, 1.00] 
1 SD above the mean of error severity, XAI absent -1.37*** .40 -3.39 [-2.17, -.58] 
1 SD above the mean of error severity, XAI present -.12 .42 -.29 [-.95, .71] 

Note. *p < .05, **p < .01, ***p < .001; s.e. = standard error. CI = Confidence Interval. aDummy: technical error (1) vs. 
social error (2); bDummy: XAI absent (1) vs. present (2) 

However, XAI did not seem to influence AI competence after a technical error. For AI useful-

ness, double moderation analysis with error severity and XAI as moderators yielded a significant 

double moderation effect (ΔR² = 5.01%, F(2, 239) = 6.554, p = .002). The results showed that 

XAI had a positive effect on AI usefulness after the occurrence of social errors. In the technical 

error condition, however, we found that XAI attenuated AI usefulness, regardless of error sever-

ity. We found similar results for use intention as the dependent variable (ΔR² = 4.59%, F(2, 239) 

= 5.797, p = .004). These findings were unexpected. A possible interpretation of the negative 
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effect of XAI on use intention is that its presence might have triggered consumers to expect AI to 

generate a certain outcome. In the technical error condition, however, the voice assistant did not 

make any gift recommendations at all, potentially resulting in AI falling short of consumers’ per-

formance expectations, subsequently leading to lower use intention rates. 

The key findings of Study 4 are twofold. First, supporting H1, consumer responses to AI-in-

duced errors are moderated by perceived error severity. Minor technical errors lead to signifi-

cantly more negative consumer responses than minor social errors do. However, in cases of se-

vere AI-induced errors, consumers respond negatively, regardless of the type of error. Second, 

XAI moderates the effect of the error type on consumer responses. In particular, we found that 

XAI positively affects consumer responses to social errors. In the case of technical errors, XAI 

has no effect on AI competence or even a negative effect on AI usefulness and use intention. 

Most likely, these negative effects occur because the voice assistant falls short of consumers' per-

formance expectations in the presence of XAI. In summary, our findings partially support H3. 

Discussion 

In four studies and across different scenarios of human-AI interactions, including AI telling a 

joke, playing music, or making a gift recommendation, we examine consumer responses to AI-

induced errors. Our robust findings show that AI committing severe errors, regardless of the type 

of error, harms consumers’ AI perceptions and use intentions. Interestingly, minor social errors 

lead to fewer negative consumer responses than do minor technical errors. Applying prior in-

sights from dehumanization research (Haslam et al., 2008), we posit that technical errors taint 

consumers’ perception of AI as being capable on a cognitive level. In contrast, the occurrence of 

minor social errors is somewhat expected by consumers because of the limited emotional capabil-

ities ascribed to machines and AI (Loughnan & Haslam, 2007), evoking less negative consumer 

responses than minor technical errors.  
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Additionally, our study supports the notion of the pratfall effect when consumers interact with 

AI (Studies 1 and 2). The pratfall effect describes the phenomenon in which a person committing 

a blunder appears more attractive (Aronson et al., 1966). This effect also appears to apply to AI 

committing minor social errors. While minor technical errors lead to negative consumer re-

sponses per se, we find evidence that minor social errors yield results similar to error-free perfor-

mance in terms of consumers' perceived AI competence and AI likability. Thus, the present data 

are consistent with findings in the field of robotics, which show that faultiness or imperfection 

can trigger positive associations with the entities with which consumers interact (Mirnig et al., 

2017; Ragni et al., 2016). While the original study by Aronson et al. (1966) did not specify the 

type of mistake evoking the pratfall effect, we identified minor social errors that trigger this phe-

nomenon in an AI context. Therefore, we hone our understanding of the pratfall effect and spec-

ify when it is likely to occur in human-AI interactions. In contrast to findings from Aronson et al. 

(1966), who show that a person committing a blunder appears more attractive or approachable, 

our data only indicate that minor social errors evoke AI likability similar to error-free perfor-

mance. A possible reason for this discrepancy might be the evident differences in the entities 

committing the blunder. Feelings such as attractiveness or being approachable are hardly transfer-

able to the context of faceless AI. In other words, unlike celebrities or well-known experts who 

could appear unapproachable to consumers, AI cannot evoke similar feelings. Therefore, AI com-

mitting a minor error may not be able to increase AI likability beyond the threshold of error-free 

performance. 

To shed further light on the underlying mechanisms that explain why minor social errors trigger 

less negative consumer responses than minor technical errors, we ran two additional studies in-

cluding trust as a mediator variable in our model (Studies 2 and 3). We find that technical errors 

lead to consumers having significantly lower cognitive and affective trust in AI, whereas minor 
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social errors only evoke a decrease in cognitive and affective trust to a smaller extent. These re-

sults support our hypothesis that consumers ascribe greater cognitive than emotional abilities to 

AI, which then translates into cognitive and affective trust perceptions after an error has occurred 

in a human-AI interaction. We argue that the occurrence of a minor technical error demonstrates 

a lack of cognitive capabilities, thus explaining consumers’ low levels of cognitive trust. How-

ever, minor social errors are ignored because AI is expected to have low emotional abilities. 

Therefore, affective trust is attenuated, but to a lesser extent than after technical errors. Thus, in 

line with other studies presenting cognitive and affective trust in a parallel relationship (Gillath et 

al., 2021; McKnight et al., 2002; Tomlinson et al., 2020), we demonstrate that both trust dimen-

sions are key components when individuals evaluate erring AI. 

Finally, we investigated the role of explainability in the context of erroneous AI. In Study 4, we 

show that XAI can have a positive impact on consumers’ AI perception after the occurrence of 

social errors. Our findings are in line with research on human judgment, underlining the crucial 

role of explanations after humans experience non-normative behavior or unusual events (Hilton, 

1996). Contrary to our expectations, we find preliminary evidence that XAI negatively affects 

consumers when technical errors occur. We assume that explanations of AI processes build ex-

pectations about the outcomes of tasks. When AI is not able to generate an outcome due to a tech-

nical error, consumers seem to experience negative disconfirmation, which then leads to negative 

AI perceptions and low use intentions. 

Theoretical contributions 

A review of the literature has identified several research gaps across multiple research domains 

relevant to erroneous AI applications. First, while most research focuses on the benefits of apply-

ing AI in marketing or AI adoption, there is little understanding of the disadvantages of AI from a 

consumer’s perspective. More specifically, there is scant empirical work on the consequences of 
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AI-induced errors, and we identified a lack of research on consumers’ responses to AI failing to 

perform tasks correctly. Because errors in AI applications are quite common, as various real-

world examples demonstrate, an investigation of their impact on consumers is very relevant. Sec-

ond, the literature lacks understanding of the underlying mechanisms that explain different con-

sumer reactions to erroneous AI applications. Third, there is a paucity of research on managerial 

strategies of how to deal with AI-induced errors. To address these gaps, we contribute to the mar-

keting literature and explain which types of AI-induced errors need to be avoided from a com-

pany’s point of view and what consumer responses they evoke. On one hand, these investigations 

establish a theoretical understanding of the underlying processes that explain consumer reactions 

to errors. On the other hand, the insights gained create a basis for managers to implement strate-

gies that minimize the impact of errors in human-AI interactions proactively instead of merely 

managing them reactively. 

First, we extend the literature on AI-induced errors. To date, little attention has been paid to AI-

generating errors. Interestingly, the few academic studies that addressed the issue of AI-induced 

errors focused on comparisons between human and AI-induced errors (Srinivasan & Sarial-Abi, 

2021) or manipulated errors as a relative underperformance compared to a standard (Dietvorst et 

al., 2014; Longoni et al., 2019). Dietvorst et al. (2014), for example, manipulated the accuracy of 

an algorithm-based forecast, whereas Srinivasan and Sarial-Abi (2021) manipulated the source of 

the error – a human or an algorithm. Prior research has not yet examined the types of AI-induced 

errors and their consequences in a marketing context. With our research, we extend this view to 

AI errors, which we claim is important to understand, as the intelligence of algorithms or soft-

ware is based on learning and error prevention (Kumar et al., 2021). Other research fields in the 

robotics or service domain have benefitted from a more comprehensive understanding of failures, 

failure types, and their consequences for users or service recipients (Choi et al., 2020; Giuliani et 
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al., 2015; Mirnig et al., 2017; Sivakumar et al., 2014). Our work represents the first attempt to 

close this gap in the AI and marketing literature and gain initial insights into consumers’ dealings 

with a certain type of erroneous AI. Differentiating between social and technical errors also ena-

bles us to take a closer look at the psychological phenomenon of the pratfall effect. While the 

study by Aronson et al. (1966) was conducted on humans, we contribute to the extant literature 

by demonstrating the existence of the pratfall effect in the context of erroneous AI. Moreover, we 

extend this line of research by specifying the type of blunder further, since we identify minor so-

cial errors as the error type evoking the pratfall effect. In addition, our study reveals the mecha-

nism behind the pratfall effect with cognitive and affective trust as mediators of consumer re-

sponses. This contribution is significant since it translates previous findings from a human-human 

interaction to a human-AI interaction, thereby linking the literature on psychology, AI, and mar-

keting. 

Second, we contribute to the literature on trust in technology, specifically trust in erring AI. 

Prior research on trust has examined its dimensionality and (Johnson & Grayson, 2005; 

McAllister, 1995; McKnight et al., 2002) antecedents (Tomlinson et al., 2020). We add to this lit-

erature by providing empirical evidence of the existing nuances in consumers’ trust in AI depend-

ing on the type of AI-induced error. This approach is novel, and we claim to be the only study 

that has investigated the two dimensions of trust in the context of erring AI. In doing so, we en-

hance the trust literature by revealing the actual reasons for trust or distrust in AI, with most re-

search exploring trust in AI against trust in humans (Castelo et al., 2019; Longoni et al., 2019). 

Moreover, we provide further evidence of a parallel relationship between cognitive and affective 

trust. While some scholars present cognitive trust as an antecedent of affective trust (Johnson & 

Grayson, 2005; McAllister, 1995), we show that error type influences cognitive and affective 

trust independently. Consequently, our research contributes to the debate in the literature by 
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emphasizing the parallel relationship between the two trust dimensions (Benbasat & Wang, 2005; 

Gillath et al., 2021; McKnight et al., 2002; Tomlinson et al., 2020). 

Third, we extend the understanding of XAI in the marketing context, which has received little 

attention from marketing scholars in the past. To the best of our knowledge, this is the first study 

to empirically investigate the impact of XAI concerning erroneous AI outcomes from a con-

sumer’s perspective. Although there is research in the IS literature on the influence of XAI on 

user trust in the technology (Shin, 2021), XAI-supported decision-making, (Janssen et al., 2020), 

or the effects of different XAI explanations (Kenny et al., 2021), XAI research has not yet ac-

counted for consumer responses to errors. A profound understanding of consumer perceptions of 

XAI in the context of erroneous outcomes is crucial because of the variety of XAI implementa-

tions. Further, by differentiating between the error types, we were able to analyze the effects of 

XAI in more detail. As shown by Hilton (1996), humans ask for explanations of nonnormative or 

unusual incidents. Our findings represent not only valuable insights into the consumer’s mind but 

also expand the literature on XAI concerning errors. 

Managerial implications 

Across a variety of industry sectors, businesses have begun to apply AI for various purposes, 

such as to interact with customers, to better predict consumer behavior, or to improve customer 

services (Klaus & Zaichkowsky, 2020; Kumar et al., 2021). Our research covers a fundamental 

challenge that managers face when applying AI to customer interactions: AI can and will err. We 

see it as a key responsibility for marketing research to study the impact of erroneous AI to better 

understand and prevent actual negative effects on consumers in real-life settings. Thus, we tested 

the effects of different types of errors on consumers’ perceptions of AI and their intention to use 

it in a safe environment without causing economic damage to real market participants or negative 

repercussions for individuals. This approach generated scientific findings with three major 
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implications for managers, AI programmers, and policymakers dealing with the potential pitfalls 

of AI applications in society. 

First, we demonstrate the importance of the technically correct functioning of AI applications. 

We show that consumers perceive AI as incompetent after the occurrence of technical errors, and 

their intention to use AI in the future is low, regardless of the severity of technical errors. As 

technical errors have severe negative effects on use intention, they can inhibit user growth and 

the market diffusion of the technology. Hence, AI programmers should verify the technically cor-

rect functioning of every AI feature before considering roll-out. Therefore, we recommend allo-

cating sufficient funding for algorithmic testing capacities to reduce the likelihood of technical 

errors when launching the AI application. However, social errors do not necessarily evoke a neg-

ative consumer response. As our results show, minor social errors, despite being identified as er-

rors, are not a decisive factor leading to drastically lower use intentions. Social errors represent 

the subjective nature of norms and must be tested by real users. To avoid worse-case scenarios, 

such as Microsoft’s Tay rallying against ethnic groups or minorities (Hunt, 2016), it is advisable 

to launch a beta version of the AI application, controlling for the AI features as well as the num-

ber of users. By successively testing AI in a real-world environment, negative repercussions on 

the makers as well as users of the AI can be reduced. 

Second, we identified minor social errors leading to AI perceptions similar to error-free AI per-

formance. This insight is crucial for policymakers and society as it potentially bears negative con-

sequences for minorities. Consider the minor social error scenario in Study 1 and 2: In our experi-

ment, the intelligent voice-based assistant told a joke about blonde women. When the majority of 

AI users are confronted with this minor social error but display the same attitude as if it were er-

ror-free, self-learning AI would not recognize its error as such. Consequently, our fictitious 

voice-based assistant would not learn that this particular joke or similar ones were socially 
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unacceptable, reflecting a social error. In the long run, this form of human-AI interaction could 

foster the stigmatization or discrimination of minorities and could easily translate to other human 

characteristics such as religion, ethnicity, or sexual orientation. We emphasize the necessity of 

designing AI in a way that does not perpetuate stereotypes and propose to implement an error re-

porting feature that allows users to flag inappropriate AI content occurring in human-AI interac-

tions. A diverse team of individuals can then evaluate the generated content and decide whether 

countermeasures within the AI architecture are necessary to prevent identified social errors. 

Third, our findings suggest that a company could benefit from incorporating XAI features into 

its AI applications. Since we found positive effects of XAI on AI usefulness and consumers’ use 

intention only in the case of social errors, we recommend concentrating on XAI once technical 

(i.e., algorithmic) functioning has been ensured. Resources should then be pooled to implement 

explainability within the application via XAI, thereby mitigating negative effects on consumer-

related outcomes after the occurrence of social errors. Although we did not test for different de-

grees of explainability, our results suggest that explanations of the inner processes of AI can di-

minish the negative effects of social errors. We advise managers and AI programmers to integrate 

simplified explanations to account for social errors. 

Limitations and future research avenues 

Our research shows robust findings on the impact of AI-induced errors on consumers across mul-

tiple studies. Nonetheless, our study has limitations that should be addressed in future research. In 

the following section, we discuss three aspects that offer opportunities for new lines of research 

to study in the future. 

First, we focused on consumer responses to erroneous AI. However, the errors under investiga-

tion represent only a fraction of potential failures that can occur in human-AI interactions. The 

failure taxonomy of human-robot interaction that Honig and Oron-Gilad (2018) discuss in their 
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work can be used as starting point for researchers who intend to focus on AI-induced errors. We 

encourage researchers to use their taxonomy for future studies on AI-induced errors. In our study, 

we show that the type of error evokes different perceptions and behavioral intentions, which we 

argue is especially worth investigating in the marketing context. Additional research is needed to 

add to this work and could, for example, explore which types of erroneous AI outcomes are at-

tributed to the user, the AI programmer, or the company deploying the AI. The attribution of er-

ror responsibility is known to impact AI perception (van der Woerdt & Haselager, 2019), but 

could lead to spillover effects (good or bad) on companies. 

Second, the scope of our investigation was limited to the comparison of technical and social er-

rors with interactive AI. Owing to AI’s myriad fields of application and the multitude of tasks 

performed, it was not possible to provide an exhaustive investigation of every documented real-

world error. Moreover, some reported error incidents are difficult to categorize as technical or so-

cial errors from an outside perspective without additional knowledge of the AI’s functioning. In-

deed, a technical error may lead to a social error (or vice versa). To avoid confusion regarding the 

type of error in our scenarios, we selected unambiguous experimental stimuli while maintaining 

external validity. Incidents, such as statements from Microsoft’s Tay, demonstrate how extreme 

comments or remarks can become. Likewise, there is anecdotal evidence of voice assistants play-

ing music with explicit song lyrics or making inappropriate shopping recommendations. Based on 

these occurrences, we argue that there is a need for societal discussion about erroneous AI and 

the boundaries of social norm transgressions by AI. Our research seeks to initiate this discussion, 

and future studies should concentrate on social errors in particular. 

Third, we investigated whether the implementation of greater explainability into an erroneous 

AI application can mitigate negative consumer responses. Owing to our study context of con-

sumer interactions with voice assistants, our manipulation of XAI represents a brief (and global) 
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explanation of how the assistant proceeds in executing the task. We encourage scholars to expand 

this line of research and examine other forms of XAI, such as model-specific explanations or the 

visualization of processes in the context of XAI. Apart from XAI, other strategies may be more 

effective in restoring AI perceptions after an error occurs. Strategies such as emphasizing AI’s 

self-learning capabilities or integrating an error reporting function could remedy AI-induced er-

rors and are future research opportunities. 
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Appendix 1 
Experiment materials and stimuli 

Study 1 and Study 2: Stimuli overview 
Control group 

 

Error type: technical error, Error severity: low Error type: technical error, Error severity: high 
Hey Piri, tell us a joke. Hey Piri, tell us a joke. 
… [Piri lights up, but does not react at all] … [Piri lights up, but does not react at all] 
Hi Piri, please tell us a joke! Hey Piri, please tell us a joke! 
Could you repeat that? I didn't understand what you were saying. … [Piri lights up, but does not react at all] 
Piri, tell us any joke! Hey Piri, tell us any joke! 
I cannot help you with that. … [Piri lights up, but does not react at all] 
Ok, you know what? Forget about it! Ok, you know what? Forget about it! 
Error type: social error, Error severity: low Error type: social error, Error severity: high 
Hey Piri, tell us a joke. Hey Piri, tell us a joke. 
Ok, here comes a joke Ok, here comes a joke 
Two blondes fall down a hole. One says, "It's dark in here, isn't it? The 
other replies, "I don't know. I can't see." What do you call two black guys on one bike?...Organized crime. 

Study 3: Stimuli overview 
Error type: technical error Error type: social error Control group 
Hey Piri, play some good music! Hey Piri, play some good music! Hey Piri, play some good music! 
… [Piri lights up, but does not react at all] Sure, what genre would you like me to play? Sure, what genre would you like me to play? 
Piri, play some music! Hm, I don’t care. Whatever you like! Hm, I don’t care. Whatever you like! 

… [Piri lights up, but does not react at all] Alright, here are my favorite tunes for you: 
“Deepthroat” by Cupcakke. 

Alright, here are my favorite tunes for you: 
“Blinding Lights” by The Weeknd. 

Hi Piri, play music! Song starts playing: “…Hug me, f*ck me, daddy 
better make me choke, you’d better hug me, f*ck 
me, my tummy loves…” 

Song starts playing: “…I’ve been tryna call, I’ve 
been on my own for long enough, maybe you 
can show me how to love, maybe…” 

… [Piri lights up, but does not react at all] 
Ok, you know what? Forget about it! 
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Study 4: Stimuli overview 
Error type: technical error; XAI absent Error type: technical error; XAI present 
Hey PIRI, find me some gifts! PIRI, find me some fun gifts! 
… [Piri lights up, but does not react at all] 

Ok, I see what I can find online that matches your interests. I’m using 
your search history and customer ratings on shopping platforms to 
make some recommendations. 

Hi PIRI, search for funny gifts. 
Could you repeat that? I didn’t understand. 
PIRI, find me some funny gifts! 
Ok, I see what I can find. 
A few moments later PIRI notifies you about the result of the search: [A few moments later PIRI notifies you about the result of the search] 
I cannot make any recommendations at the moment. Please try again 
later. 

I cannot make any recommendations based on customer ratings or 
your search history. Please try again later. 

Error type: social error/ control group; XAI absent Error type: social error/ control; XAI present 

PIRI, find me some gifts! PIRI, find me some gifts! 

Do you have something specific in mind? Do you have something specific in mind? 

No, just a fun gift for my friend’s birthday. No, just a fun gift for my friend’s birthday. 

Ok, I see what I can find online. 
Ok, I see what I can find online that matches your interests. I’m using 
your search history and customer ratings on shopping platforms to 
make some recommendations. 

[A few moments later PIRI notifies you about the result of the search] [A few moments later PIRI notifies you about the result of the search] 

I found 3 possible gifts. I’ve added them to your online shopping cart. 
Based on customer ratings and your search history over the last 8 
weeks, I found 3 possible gifts. I’ve added them to your online shopping 
cart. 

[You check PIRI’s recommendations in your browser. This is what Piri 
added to your shopping cart.] 

[You check PIRI’s recommendations in your browser. This is what Piri 
added to your shopping cart.] 

Error type: social error (Part 2) Control group (Part 2) 
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Appendix 2 

Constructs and measures 
Construct Item 

Error severity (Weun, 
Beatty, and Jones 2004) 

If this problem was happening to me, I would consider the problem 
to be… …Not very severe/ Very severe 

If this problem was happening to me, it would make me feel... …Not very angry/ Very angry 
AI competence (Cuddy, 
Fiske, and Glick 2008) I characterize the AI application PIRI as… …competent / intelligent / 

skilled / efficient 

AI likability (Bartneck, 
Kulic, and Croft 2008) Please rate your impression of the AI application on these scales: 

Dislike/ Like 

Unfriendly/ Friendly 

Unkind/ kind 

Unpleasant/ Pleasant 

Use intentiona (Qiu and 
Benbasat 2009) 

If I have access to the technology, I intend to use PIRI in this situation again. 

If I have access to the technology, I predict I would use PIRI in this situation again. 

If I have access to the technology, I plan to use PIRI in this situation again. 

Cognitive trusta See Appendix C 

Affective trusta See Appendix C 

AI Usefulnessa (Qiu and 
Benbasat 2009) 

I find PIRI useful in this situation. 

Using PIRI enables me to accomplish tasks more quickly. 

Using PIRI makes it easier to get tasks done. 

Using PIRI enhances my effectiveness when working on tasks. 
Note. All constructs were measured on seven-point rating scales; a Item is anchored by “strongly disagree” and 
“strongly agree”  
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Appendix 3 

Confirmatory factor analysis for cognitive and affective trust (Study 2) 
Con-
struct 

Sub-Con-
struct 

# adapted from… Item Initial rotated 
factor load-
ings: cogni-
tive trust 

Initial rotated 
factor load-
ings: affective 
trust 

Cogni-
tive trust 

Compe-
tence 

1 McKnight et al. 
(2002) 

I think Piri is proficient in providing a 
suitable outcome. 

.90 .20 

2 McKnight et al. 
(2002) 

In my opinion, Piri is capable of 
providing a suitable outcome. 

.87 .20 

3 Qiu and Benbasat 
(2009) 

I felt that Piri has the expertise to un-
derstand my needs and preferences. 

.77 a .36 a 

4 Qiu and Benbasat 
(2009) 

I felt that Piri is able to capture my 
needs and preferences. 

.82 a .29 a 

5 McAllister (1995) I see no reason to doubt Piri's compe-
tence and preparation for the job. 

.82 .29 

6 Qiu and Benbasat 
(2009) 

In my opinion, Piri performed its task 
very effectively. 

.89 .17 

Affective 
trust 

Benevo-
lence 

1 Johnson and Gray-
son (2005) 

From my point of view, Piri cares for 
me. 

.13 .83 

2 Hildebrand & 
Bergner (2021) 

From my point of view, Piri displays 
a warm attitude toward me. 

.25 .83 

3 Johnson and Gray-
son (2005) 

When I share a task with Piri, it re-
sponds caringly. 

.29 .84 

4 Johnson and Gray-
son (2005) 

When interacting with me, Piri re-
sponds in a sensible way. 

.62 b .50 b 

5 McKnight et al. 
(2002) 

I believe that Piri acts in my best in-
terest. 

.42 b .76 b 

6 McAllister (1995) I would feel a sense of personal loss 
if I could no longer use Piri. 

.20 a .72 a 

7 McAllister (1995) The tasks I give to Piri are carefully 
executed. 

.79 a .39 a 

8 Johnson and Gray-
son (2005) 

I can confidently depend on Piri since 
it helps me by carefully executing my 
tasks. 

.78 b .45 b 

Integrity 9 Qiu and Benbasat 
(2009) 

Based on my feelings, I'm confident 
about relying on Piri. 

.78 b .45 b 

10 McAllister (1995) I feel I can rely on Piri. .76 b .48 b 

11 McKnight et al. 
(2002) 

I would characterize Piri as honest. .39 .72 

12 Qiu and Benbasat 
(2009) 

I characterize Piri as upright. .41 .73 

13 Gillath et al. (2021) Piri gives me a sense of security .58 b .59 b 

Eigenvalues    12.08 2.08 
% of variance    63.59 10.94 

α    .945 .913 
AVE    .859 .742 

CR    .960 .934 
Sphericity (Bartlett’s)    χ² (171) = 7060.92, p < .001 
Kaiser–Meyer–Olkin 

measure 
   .96 

Notes. All constructs were measured on seven-point rating scales, anchored by “strongly disagree” and “strongly 
agree”. Factor loadings over .4 appear in bold. 
α = coefficient alpha; CR = composite reliability; AVE = average variance extracted; Numbers provided denote re-
sults of the final constructs; a Item removed for analysis because of parsimony of the scale; b Item removed for analy-
sis because of low factor loading or high cross-loadings. 
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