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Abstract 

This paper investigates how disclosure of AI- versus human-generated personalized pricing 

influences consumer evaluations of personalized pricing and retailers. Drawing on algorithm 

aversion literature, we examine whether dehumanization, procedural justice, and ulterior 

motives mediate these relationships, and whether subjective socioeconomic status (SES) 

moderates them. Using a scenario-based experiment with Swedish consumers (n = 289), 

participants were randomly assigned to receive either AI- or human-generated personalized 

pricing in an online retail context. Contrary to expectations, no significant differences 

emerged between conditions on satisfaction, retailer attitudes, or the proposed mediators. One 

possible explanation is that the study may have had limited statistical power to detect small 

effects, particularly due to insufficient number of participants. However, all three mediators 

were significantly associated with both outcomes in the expected directions. Exploratory 

findings further suggested that lower-SES consumers may experience stronger 

dehumanization responses to AI-driven pricing. Overall, the findings suggest that 

pricing-source disclosure alone may be insufficient to trigger negative consumer responses in 

familiar, low-stakes retail settings where AI systems have become increasingly normalized. 

 

Keywords: algorithmic pricing; pricing-source disclosure; algorithmic aversion; 

dehumanization; procedural justice; ulterior motives; socioeconomic status; customer 

satisfaction; attitude; AI in retail 
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1. Introduction 

Personalized pricing – where retailers set prices based on individual consumer characteristics 

such as purchase history, browsing behavior, and demographics – has emerged  as a 

prominent topic within both retail practice and academic discussion (Cao et al., 2021; Guha et 

al., 2021). Fueled by advances in artificial intelligence (AI), firms can now estimate 

customers' willingness to pay (Bar-Gill, 2019) and adjust prices accordingly to boost sales or 

maximize profits (Cao et al., 2021). As stated by Libai et al. (2020), AI is fundamentally 

reshaping how firms manage customer relationships, creating new opportunities for 

algorithmic and personalized pricing practices in retail environments.  Building on this, Seele 

et al. (2021), define this as algorithmic pricing, allowing firms to “automatically generate 

dynamic and customer-specific prices in real-time”. 

 

However, these advancements have been accompanied by considerable criticism. For 

instance, the Apple Card case raised serious concerns about algorithmic gender bias after a 

user discovered that his wife had been offered a credit limit twenty times lower than his own 

despite having a higher credit score (Mills, 2019). Beyond individual cases, scholars have 

warned that AI systems may intensify firms’ ability to engage in personalized price 

discrimination and exploit informational asymmetries between firms and customers (Gasser 

& Almeida, 2017). Despite such concerns, pricing decisions previously made by humans are 

increasingly delegated to algorithms (Calvano et al., 2019),   

 

Beyond its managerial relevance, personalized pricing has attracted increasing regulatory 

attention. Existing legal frameworks, including consumer protection law, competition law, 

and General Data Protection Regulation (GDPR), provide some oversight of algorithmic 

pricing practices. However, scholars have questioned whether these frameworks are 

sufficient.  For example, Li (2022) argues that certain forms of algorithmic pricing are 

“highly likely to bypass the GDPR in reality”, by relying on affinity or anonymous data 

rather than identifiable personal data.  

In response to such challenges, the European Union has introduced the Omnibus Directive. 

This directive requires online traders to inform consumers when prices are personalized on 

the basis of automated decision-making (Directive 2019/2161). The Digital Services Act has 

strengthened transparency and accountability obligations for online platforms (Regulation 
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2022/2065). Together, these developments suggest that disclosure of personalized pricing is 

increasingly becoming a legal requirement. 

 

Given that algorithms increase the ability to engage in price discrimination (Bar-Gill, 

2019),surprisingly little is known about how different consumer groups respond to the 

disclosed source behind these decisions. Existing literature has largely examined personalized 

pricing through the lenses of ethical concerns and perceived fairness (Seele et al., 2021), 

while giving limited attention to how customers’ social background influences these 

responses. Yet, if algorithmic pricing raises concerns of discrimination experienced by 

consumers, it becomes important to understand whether these perceptions differ 

systematically across consumer groups. Consequently, several scholars have called for greater 

research into how individual characteristics and sociocultural factors shape responses to 

AI-driven decision-making and personalized pricing (Ohlwein & Bruno, 2025; Puntoni et al., 

2021; Van der Rest et al., 2020). 

 

1.2 Purpose and aim 

The purpose of this thesis is to contribute to understanding consumer responses to 

algorithmic pricing by examining whether disclosure of AI involvement triggers 

negative evaluations compared to human-generated pricing when the price is already 

presented as personalized. Our goal is to examine consumer perceptions of this practice 

through dehumanization, procedural justice and ulterior motives and whether this is 

influenced by who they think is responsible for setting the price. In doing so, the study 

focuses specifically on the disclosed source of the pricing decision, rather than 

comparing personalized pricing with uniform pricing. 

The aim is to test whether AI- versus human-generated personalized pricing disclosure 

affects consumer satisfaction and attitudes toward the retailer, and whether these effects 

are mediated by dehumanization, procedural justice, and ulterior motives and 

moderated by subjective socioeconomic status. 
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2. Theory and Hypothesis Development 

2.1 Algorithm Aversion & Algorithm Appreciation  

That individuals are hesitant to rely on algorithms is not a new insight (Dawes, 1979). More 

recently, Dietvorst, et al. (2015) conceptualized this phenomenon as algorithm aversion, 

describing the tendency to reject algorithmic decisions or advice in favor of human judgment, 

even when algorithms objectively perform better (Turel & Kalhan, 2023). This reluctance is 

particularly pronounced after observing algorithmic errors, leading individuals to 

systematically distrust algorithmic recommendations (Dietvorst et al., 2015; Prahl & Van 

Swol, 2017). Research in retail contexts has made similar observations. For example, Luo et 

al. (2019) found that consumers reacted less favorably to algorithmic agents when their use 

was explicitly disclosed, despite the agents outperforming human employees in terms of 

objective service outcomes – particularly in relational and advice-based service contexts. As 

firms increasingly leverage data to optimize core retail functions such as customer service, 

personalized marketing and logistics (Cao, 2021; Huang & Rust, 2021; Shankar, 2018; Guha 

et al., 2021), understanding the conditions under which aversion to algorithms emerges 

becomes increasingly important.   

However, consumers do not respond uniformly to AI in retail settings. Emerging research 

suggests that algorithmic decision-making may in some contexts be positively received. Logg 

et al. (2019), for instance, demonstrated that individuals may in some situations rely more 

heavily on algorithms than humans – a phenomenon termed algorithm appreciation. Such 

appreciation is more likely to emerge when tasks are perceived as objective, analytical, and 

data-driven, where the rule-based and consistent nature of algorithms is viewed as 

advantageous (Castelo et al., 2019). More broadly, reactions towards algorithmic 

decision-making appear to depend substantially on contextual factors, including task type, 

perceived objectivity, and the social implication associated with decision (Castelo et al., 

2019; Lee, 2018; Mahmud et al., 2021).   

The distinction between aversion and appreciation is particularly relevant in the context of 

algorithmic pricing. On one hand, such pricing decisions are inherently quantitative and 

data-driven, potentially making algorithmic systems appear more objective, consistent, and 

capable of processing large amounts of consumer and market information (Castelo et al., 

2019; Logg et al., 2019). On the other hand, the personal data used in such consumer 
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characteristics – purchase history, browsing behavior, and demographics – enables pricing 

discrimination with highly differentiated outcomes from consumer to consumer (Guha et al., 

2021; Seele et al., 2021; Priester et al., 2020). Unlike algorithmic recommendations, where 

the algorithm is experienced as acting in the consumer's interest, personalized pricing is 

experienced as the algorithm acting on behalf of the firm, identifying and extracting 

individual willingness to pay (Bar-Gill, 2019).   

Thus, algorithmic  pricing differs from other algorithmic decision contexts because 

consumers directly bear the financial consequences of the decision through the price they are 

asked to pay. Importantly, prior pricing literature consistently shows that consumers react 

negatively when firms use pricing mechanisms perceived as exploiting differences in 

willingness to pay or maximizing profit at the consumer’s expense (Campbell, 1999; Bolton 

et al., 2003), and that algorithmic pricing often is associated with such activities (Ohlwein & 

Bruno, 2025). Further, the opaque nature of algorithms and the use of personal data mean that 

consumers interpret algorithmic prices through social and psychological lenses related to 

fairness and firm intention (Campbell, 1999; Priester et al., 2020; Wu et al., 2012). In such 

contexts, the objective and data-driven advantages associated with algorithmic systems may 

become outweighed by concerns regarding exploitation and unequal treatment. 

Critically, rather than receiving a universally applied price, customers are individually 

targeted based on their estimated willingness to pay (Bar-Gill, 2019). This targeting logic 

makes personalized pricing socially sensitive and more comparable to the subjective decision 

contexts in which algorithm aversion tends to emerge (Castelo et al., 2019). In such a context, 

consumers may not only evaluate the pricing outcome, but also the source responsible for 

generating it to evaluate the process. Thus, AI versus human pricing source serves as the 

primary psychological cue for evaluating the process. Therefore, we hypothesize that: 

H1a: Pricing source (AI vs human) affects perceived satisfaction, meaning that AI-generated 

pricing disclosure leads to lower perceived satisfaction than human-generated pricing 

disclosure. 

 

Beyond the immediate evaluation of the pricing process, the disclosed use of AI may also 

shape consumers’ broader evaluation of the retailer behind the decision. If AI-generated 

personalized pricing is interpreted as exploitative, opaque, or firm-serving (Campbell, 1999; 
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Wu et al., 2012), this may not only reduce satisfaction with the pricing process, but also 

contribute to less favorable evaluations of the retailer overall. 

 

H1b: Pricing source (AI vs human) affects perceived attitude towards the retailer, meaning 

that AI-generated pricing disclosure leads to lower perceived attitudes towards the retailer 

than human-generated pricing disclosure. 

2.2 Regulatory Context of Personalized Pricing Disclosure 

The regulatory landscape surrounding personalized pricing in the European Union has made 

disclosure increasingly relevant for both firms and consumers. In particular, the Omnibus 

Directive (Directive (EU) 2019/2161) amended the Consumer Rights Directive (2011/83/EU) 

by requiring traders to inform consumers when a price has been personalized on the basis of 

automated decision-making. This means that, in the EU context, disclosure of personalized 

pricing is not only a managerial or strategic choice, but increasingly a legal requirement. As a 

result, understanding how consumers respond to such disclosures becomes important both 

theoretically and managerially. 

In addition, the Digital Services Act (Regulation (EU) 2022/2065) introduces broader 

transparency obligations for online platforms, including requirements related to the main 

parameters used in recommender systems and restrictions on deceptive interface designs, 

often referred to as dark patterns. Although the DSA does not regulate personalized pricing as 

directly as the Omnibus Directive, it reflects a broader regulatory movement toward greater 

transparency and accountability in digital environments. Together, these developments 

strengthen the relevance of examining whether disclosure itself influences consumer 

evaluations of AI-driven personalized pricing. 

2.3 Underlying Psychological Mechanisms  

Anchored in algorithm aversion literature, this thesis examines the psychological mechanisms 

underlying consumer responses to AI-driven personalized pricing. In these contexts, 

consumer responses are shaped not only by the objective outcome itself, but also by how 

individuals psychologically interpret and experience the decision-making process (Puntoni et 

al., 2021). Hence, we propose that pricing-source disclosure may activate three related but 

distinct psychological mechanisms capturing interpersonal, procedural, and intentional 
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dimensions of consumer evaluation – each reflecting a distinct lens through which consumers 

may question how they were treated, whether the pricing process was legitimate, and whether 

the firm's intentions were exploitative.  

First, delegating pricing decisions to algorithms may reduce the emotional nuance associated 

with human judgment, potentially leading consumers to feel reduced to data points rather 

than recognized as individuals (Schultz et al., 2025; Turel & Kalhan, 2023). This 

interpersonal dimension is captured through perceptions of dehumanization. Second, because 

consumers evaluate not only pricing outcomes but also the fairness and legitimacy of the 

process through which prices are determined (Haws & Bearden, 2006; Van den Bos et al., 

1997), perceptions of procedural justice become relevant. Third, consumers may infer 

underlying intentions behind personalized pricing practices, particularly when personal data 

is involved, making perceptions of ulterior motives central to understanding how consumers 

interpret firms’ intentions and potential profit-seeking behavior (Campbell, 1999; Priester et 

al., 2020). Finally, subjective socioeconomic status (SES) is introduced as a moderating 

condition, given emerging evidence that individuals' perceived social position may shape how 

they interpret and respond to algorithmic decisions (Ohlwein & Bruno, 2025; Puntoni et al., 

2021; Van der Rest et al., 2020). Each mechanism is discussed in turn in the following 

sections.  

2.4 Dehumanization  

As pricing decisions are increasingly delegated to algorithms rather than humans (Calvano et 

al., 2019), consumers are evaluated based on behavioral and demographic data rather than 

individual circumstance (Schultz et al., 2025). We propose that AI-generated pricing may 

trigger dehumanization  – defined as the perception of being treated as less than fully human 

(Haslam & Stratemeyer, 2016) – and that this perception carries meaningful consequences for 

how consumers evaluate both the pricing process and the retailer behind it. 

 

The psychological mechanism is rooted in what Waytz and Schroeder (2014) term 

dehumanization by omission, a passive process in which individuals are not fully recognized 

in their human individuality. Building on this logic, Schultz et al. (2025) argue that 

algorithmic systems may unintentionally dehumanize individuals by reducing them to 

behavioral patterns and demographic categories, treating consumers as data points rather than 

nuanced human beings (Bolin & Andersson Schwarz, 2015; Ghasemaghaei & Turel, 2025). 
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We focus in particular on consumers' subjective experience of this reduction. Kteily et al., 

(2016) define meta-dehumanization as the felt awareness of being seen as less than fully 

human by another party – bridging the gap between the AI’s data-driven processing and the 

consumer's subjective response. Recent research further suggests that AI systems can 

themselves become perceived sources of dehumanization in consumer contexts (Chen et al., 

2024). In personalized pricing, this may be particularly salient; when a price is determined by 

an algorithm, the consumer is implicitly informed that their worth was calculated from data 

rather than recognized by someone capable of appreciating individual circumstances. 

Because meta-dehumanization is rooted in the perception that the deciding entity lacks 

warmth and individual recognition (Kteily et al., 2016), and AI systems are perceived as 

calculative and rigid compared to humans (Lee, 2018; Chen et al., 2024), the source of the 

pricing decision may therefore serve as a critical cue. Therefore, we hypothesize that: 

 

H2a: Pricing source (AI vs human) affects perceived dehumanization, meaning that 

AI-generated pricing leads to higher perceived dehumanization than human-generated 

pricing. 

 

Further, Söderlund and Oikarinen (2021) demonstrated that consumers evaluate service 

encounters more positively when they perceive them as more human. Accordingly, as 

humanness and dehumanization represent opposing ends of the same continuum, interactions 

where consumers feel reduced rather than recognized as individuals may undermine 

satisfaction accordingly (Kteily et al., 2016; Waytz & Schroeder, 2014). Therefore, we 

hypothesize that: 

 

H2b: Perceived dehumanization negatively affects satisfaction with the pricing process. 

 

Finally, these consequences extend beyond the immediate transaction and are attributed to the 

retailer responsible for it. Kteily et al. (2016) showed that meta-dehumanization generates 

hostility toward the perceived perpetrator, i.e., the retailer. Furthermore, Chen et al., (2024) 

found that consumers who feel dehumanized through AI distance themselves from the 

organizations deploying those systems, because the retailer, not the algorithm, is understood 

as the accountable party. When a retailer's pricing communicates indifference to individual 

circumstance, it is therefore expected to erode goodwill and produce more negative attitudes 
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toward the retailer as a brand. Therefore, we hypothesize that:​

 

H2c: Perceived dehumanization negatively affects attitude towards the retailer. 

2.5 Procedural Justice 

Beyond how consumers feel about being treated as individuals, they also evaluate whether 

the process through which their price was determined was legitimate. Independent of whether 

the outcome is favorable or not, procedural justice refers to the perceived fairness of the 

decision-making process itself (Colquitt, 2001; Leventhal, 1980).  

 

In personalized contexts, procedural considerations may become particularly salient. Haws 

and Bearden (2006) demonstrated that consumer-based price differentiation (i.e., where the 

same product is offered at different prices to different customers) generates especially strong 

fairness concerns relative to other forms of dynamic pricing. Algorithmic pricing creates a 

specific challenge in this regard – as it not only treats consumers differently but 

simultaneously limits their ability to evaluate how their price compares to others. 

Additionally, when outcome information cannot be observed, consumers shift their evaluation 

to the process itself, relying more heavily on procedural cues to determine whether they were 

treated fairly (Van den Bos et al., 2001; Van den Bos et al., 1997; Ferguson et al., 2014). The 

question consumers implicitly ask is therefore not only "is this price fair?" but rather "was the 

process that produced it fair?"​

 

On one hand, algorithms are associated with objectivity, consistency, and reduced human 

bias, which can lead AI-generated decisions to be perceived as equally fair or even fairer than 

human ones (Araujo, 2020; Duani et al., 2024; Lee & Sharma, 2025). On the other hand, the 

"black box" nature of algorithmic systems means that consumers may have no effective way 

to observe how their price was calculated or challenge an unfavorable outcome (Gasser & 

Almeida, 2017). Unlike a human employee who can be questioned or held accountable, 

algorithmic pricing systems offer no accessible channel for explanation or contestation 

(Decker et al., 2025; Fang et al., 2025). In algorithmic pricing contexts, this opacity is further 

compounded by the individually tailored nature of the price, referring to the fact that 

consumers  cannot compare their outcome to others, leaving the process itself as the primary 

basis for evaluation. Consumers are therefore asked to accept an individually calculated price 

without meaningful insight into how it was determined. Therefore, we hypothesize that:  
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H3a: Pricing source disclosure (AI vs. human) affects perceived procedural justice, meaning 

that AI-generated pricing leads to lower perceived procedural justice than human-generated 

pricing. 

Further, when consumers perceive the pricing procedure as fair, they are more likely to 

respond positively to the transaction overall, even when the price is not numerically 

advantageous (Haws & Bearden, 2006; Ferguson et al., 2014). Therefore, we hypothesize 

that:  

H3b: Perceived procedural justice positively affects satisfaction with the pricing process. 

Beyond the immediate transaction, procedural information also signals what consumers can 

expect from the retailer in the future (Van den Bos et al., 1997). A process experienced as 

opaque and unaccountable therefore erodes not just satisfaction with the transaction, but 

broader attitudes toward the responsible retailer (Xia et al., 2004). Therefore, we hypothesize 

that: 

H3c: Perceived procedural justice positively affects attitude towards the retailer. 

2.6 Ulterior Motives 

A primary driver of AI-driven personalized pricing is profit maximization, not merely 

through matching supply with demand, but by identifying and extracting each individual 

customer’s willingness to pay (Bar-Gill, 2019). How consumers interpret the intentions 

behind such pricing therefore matters; prior research shows that consumers respond more 

negatively when they believe a retailer is acting out of self-serving or exploitative intentions 

rather than legitimate marketplace reasons (Campbell, 1999; Bolton et al., 2003; Xia et al., 

2004). 

This concern may be particularly salient in algorithmic pricing contexts, where opacity limits 

consumers’ ability to understand how their price was determined or whose interests it 

ultimately serves (Van der Rest et al., 2020; Deng et al., 2022). Suspicion need not require 

objective proof of a worse deal – it may arise simply because the procedure appears 

strategically personalized yet impossible to interpret (Campbell, 1999; Deng et al., 2022). 

This is compounded by the fact that even advantageous personalized prices can trigger 

unfairness perceptions when they violate norms of equal treatment (Ohlwein & Bruno, 2025), 
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and that algorithmic pricing intensifies information asymmetries in ways consumers may 

perceive as exploitative (Wagner & Eidenmüller, 2019; Chen et al., 2024). 

While algorithms are sometimes perceived as more neutral than humans – lacking 

autonomous greed (Hwang et al., 2025; Usman et al., 2024) – this neutrality breaks down 

when firm interests are salient, redirecting suspicion toward the retailer itself (Campbell, 

1999; Deng et al., 2022). Because AI-driven pricing is oriented toward revenue maximization 

and individual surplus extraction rather than interpersonal judgment (Bar-Gill, 2019; Wagner 

& Eidenmüller, 2019), it may offer consumers little interpretive space for a benevolent 

account. Therefore, we hypothesize that: 

H4a: Pricing source (AI vs human) affects perceived ulterior motives, such that AI-generated 

pricing leads to stronger perceptions of ulterior motives than human-generated pricing. 

When consumers believe a retailer is strategically optimizing prices in its own favor, 

suspicion of the seller's motives undermines the perceived legitimacy of the pricing process, 

regardless of whether the final price is objectively advantageous (Ohlwein & Bruno, 2025; 

Campbell, 1999). Therefore, we hypothesize that: 

H4b: Perceived ulterior motives negatively affect satisfaction with the pricing process. 

These consequences may also extend to the retailer itself. Although consumers may 

sometimes judge algorithms less harshly because they are perceived as lacking intentionality 

or autonomous greed (Duani et al., 2024; Gray & Wegner, 2009; Bigman et al., 2019), this 

does not necessarily absolve the retailer. In personalized pricing contexts, consumers are 

likely to attribute intent to the firm that chose to implement the system and benefits from its 

outcomes. Pricing practices perceived as exploitative or self-serving may therefore erode 

goodwill and produce more negative attitudes toward the retailer overall. Therefore, we 

hypothesize that: 

H4c: Perceived ulterior motives negatively affect attitude towards the retailer. 

2.7 Subjective Socioeconomic Status (Subjective SES) 

Subjective socioeconomic status refers to individuals' perceived position within the social 

hierarchy relative to others, typically based on factors such as income, education, and 

occupational status (Adler et al., 2000). Unlike objective SES measures, subjective SES 
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captures the psychological experience of social rank and relative disadvantage (Kraus et al., 

2012).  

Recent research on AI-driven decision contexts increasingly suggests that consumer 

responses to such experiences are not necessarily uniform, but rather influenced by 

individuals' backgrounds, experiences, and perceived social positions (Puntoni et al., 2021; 

Xie et al., 2024). Subjective SES may therefore function as a boundary condition moderating 

the psychological impact of AI-driven pricing, such that its effects on perceived 

dehumanization, procedural justice, and ulterior motives may be more pronounced among 

lower-SES consumers – though the direction and magnitude of these effects may vary across 

mediators. 

2.7.1 Dehumanization x SES 

Gray and Wegner (2012) suggest that machines become unnerving when they possess agency 

(the power to act) but lack experience and the capacity to feel. We argue that this experience 

gap may be particularly salient for lower-SES consumers, who are likely to experience 

meta-dehumanization – the acute awareness that society views them as "lesser" or as mere 

objects (Kteily et al., 2016; Sainz et al., 2021). Operating within what Sainz et al. (2026) 

describe as a "dehumanizing normative climate," lower-SES consumers may therefore find 

that being priced by an algorithm may act as a further dehumanizing trigger, reinforcing 

perceptions of being treated as a data point rather than as a unique individual. Therefore, we 

hypothesize that: 

H5a: Socioeconomic status moderates the relationship between pricing source and perceived 

dehumanization, meaning that the effect of AI-generated pricing on perceived 

dehumanization is stronger among lower-SES customers. 

2.7.2 Procedural Justice x SES 

Fairness itself is a "socially shaped" construct – meaning that perceptions are not uniform but 

are systematically shaped by the characteristics of the evaluator (Nguyen et al., 2024; Starke 

et al., 2022). We argue that socioeconomic status is precisely such a characteristic, as 

lower-SES individuals apply stricter moral standards to others' behavior and are more 

sensitive to perceived injustices (Wang et al., 2021), in part because their environments are 

defined by persistent external constraints and institutional power asymmetries that 
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chronically reduce their sense of personal control (Kraus et al., 2012). Because procedural 

justice hinges precisely on perceived control over the decision-making process (Leventhal, 

1980), lower-SES consumers may therefore be more likely to evaluate opaque algorithmic 

pricing systems as procedurally unjust. Therefore, we hypothesize that: 

H5b. Socioeconomic status moderates the relationship between pricing source and perceived 

procedural justice, such that the negative effect of AI-generated pricing on perceived 

procedural justice is stronger among lower-SES customers.  

2.7.3 Ulterior motives x SES 

Lower-SES individuals tend to perceive outcomes as more strongly shaped by external social 

forces and situational constraints, leading them to become more attentive to contextual cues 

and potential power asymmetries (Kraus et al., 2011). Building on this, Kraus et al. (2012) 

further argue that social class shapes fundamental cognitive orientations: lower-SES 

individuals adopt a “contextualist” mindset, characterized by heightened sensitivity to 

external and uncontrollable social forces as well as a lower sense of personal control, whereas 

higher-SES individuals tend toward a more “solipsistic” orientation focused on internal goals 

and personal agency. In algorithmic pricing, where processes are opaque and difficult to 

contest, lower-SES consumers  may therefore be more likely to infer that retailers are acting 

opportunistically or prioritizing profit maximization at the consumer's expense. Therefore, we 

hypothesize that: 

 

H5c: Socioeconomic status moderates the relationship between pricing source and perceived 

ulterior motives, such that the effect of AI-generated pricing on perceived ulterior motives is 

stronger among lower-SES customers. 
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3. Conceptual Model 

 

 

4. Methodology 

4.1 Research Design 

This study applied a quantitative scenario-based experimental design to examine how 

disclosure of pricing source, specifically artificial intelligence (AI) versus human staff, 

influences consumer responses to personalized pricing. Participants were randomly assigned 

to one of two experimental conditions in which an identical personalized offer was presented, 

differing only in attribution source. Consistent with experimental design principles, all 

elements of the scenario were kept constant except for the independent variable of interest 

(pricing source) to isolate its effect on evaluations (Söderlund, 2018).  

This design was selected for several reasons. First, a random assignment strengthens causal 

inference by mitigating alternative explanations (Colquitt, 2008; Antonakis, 2017). Second, 

the single-factor design mirrors recent studies on algorithmic versus human-led price 

discrimination, which similarly isolate agent type as the focal experimental manipulation to 

reveal underlying psychological mechanisms (Duani et al., 2024; Li et al., 2025). Third, 

controlled experiments are appropriate when the objective is to identify causal relationships, 
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provided that treatments remain theoretically relevant and free from confounding influences 

(Lonati et al., 2018). 

The scenario was designed to resemble a realistic online retail environment, consistent with 

established practices in consumer research that emphasize how realistic stimuli help enhance 

ecological validity while maintaining experimental control (Geuens & De Pelsmacker, 2017). 

While such realism may strengthen external validity and support broader relevance of the 

findings (Colquitt, 2008), the design remains centered on validly isolating the theoretical 

mechanism rather than merely mimicking reality (Highhouse, 2009). 

A significance level of .05 was adopted following standard research practice (Söderlund, 

2018). 

4.2 Manipulation 

After GDPR and consent information, participants were presented with a scenario in which 

they were asked to imagine shopping online for a pair of white sneakers from a well-known 

retailer. They were informed that, based on information previously shared with the retailer, a 

personalized price had been determined specifically for them, meaning that the displayed 

price could differ from prices shown to other consumers (See appendix 1 and appendix 2).  

The product page displayed a personalized offer of 799 SEK. To manipulate the pricing 

source, participants were randomly assigned to one of two experimental conditions. In the AI 

condition, participants were informed that the personalized price had been generated 

automatically through an AI-based pricing system using information shared on the website 

together with available consumers and market information. In the human condition, they were 

informed that the same information had instead been reviewed and used by company staff to 

determine the personalized price. The wording and visual presentation were kept identical 

across conditions, with pricing source being the only element that varied between the 

experimental groups.  

To verify that participants recognized the intended manipulation, a factual manipulation 

check asked who they believed had been responsible for determining the price (AI/computer 

program; human staff member; or not sure). This was deliberately kept factual and 

non-evaluative, as Hauser et al. (2018) caution that manipulation checks may themselves 

influence participants’ responses if they introduce additional interpretation or draw attention 
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to the study purpose. An instructional attention check was also included to identify inattentive 

responses (Söderlund, 2018), where participants were instructed to select the value 5 when 

rating a statement, allowing inattentive responses to be identified without interfering with the 

substantive measures.  

4.3 Measures 

All constructs were measured using previously validated scales adapted to fit the pricing 

context of the study. Unless otherwise stated, items were measured using seven-point Likert 

scales ranging from 1 (strongly disagree) to 7 (strongly agree). All multi-item measures were 

assessed for reliability using Cronbach’s alpha (α). A cut-off value of α ≥ .70 was used to 

indicate acceptable internal consistency, in line with common reliability guidelines (Tavakol 

& Dennick, 2011). 

 

Perceived dehumanization was measured using an adapted short-form version of the scale 

validated by Lagios et al. (2024), based on the original organizational dehumanization scale 

developed by Caesens et al. (2017). The items assessed whether participants felt treated 

impersonally or objectified by the retailer in relation to the pricing process (e.g “I feel that the 

retailer treated me as if I were an instrument or tool.“ and “I feel that the retailer treated me as 

if I were a number rather than a person.“). The measurement scored a Cronbach's alpha of α = 

.872. 

Procedural justice was measured using an adapted version of the procedural justice scale 

developed by Colquitt (2001). The original scale captures perceived fairness of 

decision-making procedures across dimensions such as consistency, bias suppression, 

accuracy, correctability, and ethicality. In the present study, items were adapted to reflect how 

participants evaluated the procedure through which the personalized price had been 

determined. The measurement scored a Cronbach's alpha of α = 0.765. 

Perceived ulterior motives were measured using items adapted from Deng et al. (2022), 

originally developed to assess perceived manipulative intent in promotional settings. The 

adapted items captured the extent to which participants believed that the retailer’s pricing 

decision was primarily driven by self-serving motives. The measurement scored a Cronbach's 

alpha of  α = .818. 
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Satisfaction with the pricing process was measured using three items adapted from 

Söderlund & Rosengren (2008), based on established customer satisfaction measures 

originally developed by Fornell (1992). The items captured overall satisfaction, expectation 

fulfillment, and perceived closeness to an ideal pricing process. The measurement scored a 

Cronbach's alpha of α = 0.875 

 

Attitudes toward the retailer were measured using semantic differential items adapted from 

MacKenzie & Lutz (1989), where participants evaluated each object using bipolar adjective 

pairs such as bad/good, unfavorable/favorable, and dislike/like. The measurement scored a 

Cronbach's alpha of α = 0.919 

 

Subjective socioeconomic status was measured using the Adler et al. (2000) MacArthur 

Scale of Subjective Social Status. Participants were shown a ten-rung ladder representing 

social standing in Sweden and asked to indicate where they perceived themselves relative to 

others in terms of income, education, and occupational status “Think of a ladder with 10 steps 

representing where people stand in Sweden. At step 10 are people with the highest levels of 

income, education, and occupational status. At step 1 are people with the lowest levels of 

income, education, and occupational status or unemployment. Where would you place 

yourself on this ladder?” 

4.4 Use of AI tools 

AI-based tools were used during the process as supportive aids for language editing, 

structural refinement, and clarification of argumentation. In addition, AI tools were used to 

assist in formulating and communicating statistical interpretation in written form, including 

non-significant findings and exploratory analyses. The tools were not used to conduct the 

statistical analyses themselves. All analyses, decisions regarding model specification, 

evaluation of results, and final interpretations were carried out and critically assessed by the 

authors. Any AI-generated suggestions were reviewed, revised, and checked against the 

empirical output before being incorporated. 

4.5 Sample Characteristics 

Participants were recruited through two channels: the authors’ professional network and 

Prolific. Participants recruited from Prolific needed to live in Sweden and speak English 
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fluently. This enabled random assignment across conditions and access to adult respondents 

meeting the predefined inclusion criteria. 

Because the proposed model includes parallel mediators and a moderator, statistical power 

requirements exceed those of simple mediation models. Fritz and MacKinnon (2007) suggest 

that detecting indirect effects with small-to-medium path sizes often requires sample sizes 

above 400 observations in simpler mediation settings. However, given practical and financial 

constraints, the present study collected a total of 326 responses. This shortfall should be 

considered when interpreting the findings, particularly regarding the detection of subtle 

indirect effects 

A post hoc sensitivity analysis was conducted to assess whether the achieved sample size 

provided sufficient statistical power to detect effects of practical relevance (Fritz and 

MacKinnon, 2007). Using G*Power with an alpha level of .05, a power of .80, and four 

predictors (AI/Human, Procedural justice, Dehumanization, Ulterior Motives), the achieved 

sample size of 289 corresponded to a minimum detectable effect size of f² = .042, indicating 

sensitivity to detect effects between small and medium magnitude. For the second analysis, 

the corresponding minimum detectable effect size was f² = .052, likewise suggesting 

sufficient power to detect approximately small-to-medium effects.  

To ensure robustness, participants who failed the factual manipulation check were removed to 

ensure that only respondents who correctly recognized the pricing source were retained in the 

final dataset. This resulted in a final analytical sample of 237 respondents (54.0% male, 

45.1% female, and 0.8% non-binary; age distribution: 21.5% aged 18–24, 27.8% aged 25–34, 

22.8% aged 35–44, 14.8% aged 45–54, 12.2% aged 55–64, and 0.8% aged 65 years or older), 

constituting an 18% reduction from the initial post-attention-check sample of 289. This 

exclusion strengthens internal validity by ensuring that the main analyses are based on 

respondents who recognized the intended pricing-source manipulation. 

Of the respondents, 130 correctly confirmed the AI condition (51.5% male, 48.5% female; 

age distribution: 22.3% aged 18–24, 24.6% aged 25–34, 18.5% aged 35–44, 19.2% aged 

45–54, 13.8% aged 55–64, and 1.5% aged 65 years or older) and 107 the human condition 

(57.0% male, 41.1% female, and 1.9% non-binary; age distribution: 20.6% aged 18–24, 

31.8% aged 25–34, 28.0% aged 35–44, 9.3% aged 45–54, and 10.3% aged 55–64). 
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Independent samples t-test confirmed no significant age differences between the groups 

(t(235) = 1.46, p = .146). In addition, a Pearson chi-square test showed no significant 

difference in gender distribution across conditions (χ²(2) = 3.456, p = .178), indicating that 

random assignment produced demographically comparable groups.  
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5. Results 

5.1 T-test – Direct Effects of Pricing Source 

To examine whether pricing source disclosure influences customer responses, an independent 

t-test was conducted. We report results based on the respondents who passed the 

manipulation check (n = 237).  No significant difference was observed between conditions 

(AI or Human) for satisfaction (t(235) = 0.23, p = .819) nor attitudes toward the retailer 

(t(235) = 0.48, p = .630). Effect sizes were negligible for both satisfaction (Cohen's d = .030) 

and attitude (Cohen's d = .063). Accordingly, H1a and H1b were not supported. 

 

Table 1. Direct effects of pricing source on satisfaction and attitude toward the retailer 
 
Outcome variable t(df) p-value Cohen’s d Result 

Satisfaction 0.23 (235) .819 .030 Not significant 

Attitude toward the retailer 0.48 (235) .630 .063 Not significant 

 

The direction and significance of the results do not change if we include participants who 

failed the manipulation check. 

5.2 Mediation Analysis 

Satisfaction 

Mediation analysis was conducted using Hayes' (2022) PROCESS macro (Model 4; 5,000 

bootstrap samples), with the AI/Human condition as the independent variable (AI = 1, 

Human = 2). Each mediator was tested separately for satisfaction and attitude toward the 

retailer. 

No significant difference was observed between conditions for dehumanization (b = 0.01, se 

= 0.17, t(235) = 0.07, p = .942), and no significant difference was observed for satisfaction 

directly (b = −0.03, se = 0.14, t(234) = −0.23, p = .821). Higher dehumanization was, 

however, significantly associated with lower satisfaction (b = −0.58, se = 0.05, t(234) = 

−10.51, p < .001), supporting H2b. The overall outcome model was significant (R² = .32, 

F(2, 234) = 55.23, p < .001). No significant indirect effect was observed through 
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dehumanization (Effect = −0.007, BootSE = 0.100, 95% CI [−0.206, 0.186]), indicating that 

dehumanization did not mediate the relationship between agent type and satisfaction. 

No significant difference was observed between conditions for procedural justice (b = 

0.002, se = 0.13, t(235) = 0.01, p = .988), nor for satisfaction directly (b = −0.04, se = 0.14, 

t(234) = −0.29, p = .775). Higher procedural justice was, however, significantly associated 

with higher satisfaction (b = 0.75, se = 0.07, t(234) = 10.45, p < .001), supporting H3b. The 

overall outcome model was significant (R² = .32, F(2, 234) = 54.68, p < .001). No significant 

indirect effect was observed through procedural justice (Effect = 0.001, BootSE = 0.101, 95% 

CI [−0.199, 0.198]), indicating that procedural justice did not mediate the relationship 

between agent type and satisfaction. 

No significant difference was observed between conditions for ulterior motives (b = 0.09, se 

= 0.14, t(235) = 0.66, p = .512), nor for satisfaction directly (b = 0.03, se = 0.14, t(234) = 

0.19, p = .853). Stronger perceptions of ulterior motives were, however, significantly 

associated with lower satisfaction (b = −0.71, se = 0.07, t(234) = −10.85, p < .001), 

supporting H4b. The overall outcome model was significant (R² = .33, F(2, 234) = 58.91, p 

< .001). No significant indirect effect  was observed through ulterior motives (Effect = 

−0.066, BootSE = 0.100, 95% CI [−0.264, 0.130]), indicating that ulterior motives did not 

mediate the relationship between agent type and satisfaction. 

Table 2. Mediation results for satisfaction 

Mediator a-path b-path c’-path  Indirect 
effect 

95% CI Result 

Dehumanization 0.01 -0.58*** -0.03 -0.007 [-0.206, 0.186] No mediation 

Procedural 
justice 

0.002 0.75*** -0.04 0.001 [-0.199, 0.198] No mediation 

Ulterior motives 0.09 -0.71*** 0.03 -0.066 [-0.264, 0.130] No mediation 

 

The a-path refers to the effect of pricing source on the mediator. The b-path refers to the 

effect of the mediator on satisfaction. The c′-path refers to the direct effect of pricing source 

on satisfaction when the mediator is included. 
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The direction and significance of the results do not change if we include participants who 

failed the manipulation check. 

Attitude toward the retailer 

No significant difference was observed between conditions for dehumanization (b = 0.001, 

se = 0.17, t(236) = 0.01, p = .996), nor for attitude directly (b = −0.07, se = 0.14, t(235) = 

−0.52, p = .606). Higher dehumanization was significantly associated with more negative 

attitudes toward the retailer (b = −0.60, se = 0.05, t(235) = −11.26, p < .001), supporting 

H2c. The overall outcome model was significant (R² = .35, F(2, 235) = 63.53, p < .001). No 

significant indirect effect was observed through dehumanization (Effect = −0.001, BootSE = 

0.103, 95% CI [−0.206, 0.198]), indicating that dehumanization did not mediate the 

relationship between agent type and attitude toward the retailer. 

No significant difference was observed between conditions for procedural justice (b = 0.02, 

se = 0.13, t(236) = 0.18, p = .858), nor for attitude directly (b = −0.09, se = 0.14, t(235) = 

−0.64, p = .521). Higher procedural justice was significantly associated with more positive 

attitudes toward the retailer (b = 0.76, se = 0.07, t(235) = 10.91, p < .001), supporting H3c. 

The overall outcome model was significant (R² = .34, F(2, 235) = 59.69, p < .001). No 

significant indirect effect was observed through procedural justice (Effect = 0.018, BootSE = 

0.103, 95% CI [−0.184, 0.222]), indicating that procedural justice did not mediate the 

relationship between agent type and attitude toward the retailer. 

No significant difference was observed between conditions for ulterior motives (b = 0.08, se 

= 0.14, t(236) = 0.57, p = .567), nor for attitude directly (b = −0.005, se = 0.13, t(235) = 

−0.04, p = .968). Stronger perceptions of ulterior motives were significantly associated with 

more negative attitudes toward the retailer (b = −0.84, se = 0.06, t(235) = −14.31, p < .001), 

supporting H4c. The overall outcome model was significant (R² = .47, F(2, 235) = 102.61, p 

< .001). No significant indirect effect was observed through ulterior motives (Effect = −0.068, 

BootSE = 0.119, 95% CI [−0.312, 0.160]), indicating that ulterior motives did not mediate the 

relationship between agent type and attitude toward the retailer. 
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Table 3. Mediation results for attitude toward the retailer 

Mediator a-path b-path c’-path  Indirect 
effect 

95% CI Result 

Dehumanization 0.001 −0.60*** −0.07 −0.001 [-0.206, 0.198] No mediation 

Procedural 
justice 

0.02 0.76*** −0.09 0.018 [-0.184, 0.222] No mediation 

Ulterior motives 0.08 −0.84*** −0.005 −0.068 [-0.312, 0.160] No mediation 

 

The a-path refers to the effect of pricing source on the mediator. The b-path refers to the 

effect of the mediator on attitude toward the retailer. The c′-path refers to the direct effect of 

pricing source on attitude toward the retailer when the mediator is included. 

 

The direction and significance of the results do not change if we include participants who 

failed the manipulation check. 

5.3 Moderated mediation 

5.3.1 Main analysis 

To examine whether subjective socioeconomic status (SES) moderated the indirect effects of 

agent type on satisfaction and attitude toward the retailer, a moderated mediation analysis 

was conducted using Hayes' (2022) PROCESS macro (Model 7; 5,000 bootstrap samples).  

SES was first treated as a continuous moderator (ranging from 1–10), with dehumanization, 

procedural justice, and ulterior motives as simultaneous mediators. 

Satisfaction 

The outcome model was significant (R² = .49, F(4, 232) = 55.70, p < .001). All three 

mediators were significantly associated with satisfaction: dehumanization (b = −0.27, p < 

.001), procedural justice (b = 0.43, p < .001), and ulterior motives (b = −0.34, p < .001). No 

significant direct effect of agent type on satisfaction was observed (b = −0.006, p = .961). No 

significant first-stage interactions between agent type and SES were observed across the three 

mediator models (all ps > .12), and all indices of moderated mediation included zero within 
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their 95% bootstrap confidence intervals. Accordingly, H5a, H5b, and H5c were not 

supported for satisfaction. 

Attitude toward the retailer 

A similar pattern was observed for attitude toward the retailer. The outcome model was 

significant (R² = .58, F(4, 233) = 81.12, p < .001). All three mediators were significantly 

associated with attitude: dehumanization (b = −0.22, p < .001), procedural justice (b = 0.38, p 

< .001), and  ulterior motives (b = −0.51, p < .001). No significant direct effect of agent type 

on attitude was observed (b = −0.04, p = .723). No significant first-stage interactions between 

agent type and SES were observed across the three mediator models (all ps > .14), and all 

indices of moderated mediation included zero within their 95% bootstrap confidence 

intervals. Accordingly, H5a, H5b, and H5c were not supported for attitude toward the 

retailer. 

 

Table 4. Moderated mediation results with SES as a continuous moderator 

Outcome R² Direct 
effect 

Dehumanization Procedural 
justice 

Ulterior 
motives 

Interaction 
terms 

Result 

Satisfaction .49 -0.006 -0.27*** 0.43*** -0.34*** n.s Not 
supported 

Attitude 
toward the 
retailer 

.58 -0.04 -0.22*** 0.38*** -0.51*** n.s Not 
supported 

 

The direction and significance of these results do not change if we include participants who 

failed the manipulation check. 

5.3.2 Exploratory analysis 

Inspection of the SES distribution revealed a right skew, with a concentration of responses in 

the higher range of the scale (M = 5.97, SD = 1.76; see Appendix 3 for histogram), suggesting 

that the sample was predominantly composed of higher SES individuals. This may have 

limited the ability to detect moderation effects in the continuous analysis. To explore whether 

results differed across SES levels, participants were divided into two groups based on a mean 

split: low SES (scores 1–5) and high SES (scores 6–10), and the moderated mediation 

analyses were rerun. 
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Satisfaction 

When SES was operationalized as a binary moderator, a different pattern emerged for the 

dehumanization pathway. A significant interaction between agent type and SES group was 

observed for dehumanization (b = 0.76, se = 0.35, t(232) = 2.16, p = .032, ΔR² = .020), 

indicating that the relationship between agent type and dehumanization differed across SES 

groups. Among low-SES individuals, a negative association between agent type and 

dehumanization was observed (b = −0.45, p = .110), while among high-SES individuals a 

positive association was observed (b = 0.31, p = .148), though neither conditional effect 

reached significance individually.  

The index of moderated mediation through dehumanization was significant (Index = −0.21, 

BootSE = 0.118, 95% CI [−0.472, −0.013]), indicating that SES significantly moderated the 

indirect effect of agent type on satisfaction through dehumanization, providing partial 

exploratory support for H5a. No significant indirect effects were observed through ulterior 

motives or procedural justice across both SES groups (all 95% CIs included zero). No 

significant direct effect of agent type on satisfaction was observed (b = −0.004, p = .973). 

Attitude toward the retailer 

A similar pattern was observed for attitude toward the retailer. A significant interaction 

between agent type and SES group was observed for dehumanization (b = 0.74, se = 0.35, 

t(233) = 2.10, p = .037, ΔR² = .018), with a negative association observed among low-SES (b 

= −0.45, p = .110) and a positive association among high-SES individuals (b = 0.29, p = 

.177), though again neither conditional effect reached significance individually. 

The index of moderated mediation through dehumanization was significant (Index = −0.16, 

BootSE = 0.101, 95% CI [−0.395, −0.004]), indicating that SES significantly moderated the 

indirect effect of agent type on attitude through dehumanization, again providing partial 

exploratory support for H5a. No significant indirect effects were observed through ulterior 

motives or procedural justice across both SES groups (all 95% CIs included zero). No 

significant direct effect of agent type on attitude was observed (b = −0.04, p = .704). 
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Table 5. Moderated mediation results of dehumanization with SES as a binary moderator 

Outcome b p Low 
SES b 

Low 
SES p 

High 
SES b 

High 
SES p 

Index 95% CI Result 

Satisfaction 0.76 .032 −0.45 .110 0.31 .148 −0.21 [−0.472, 
−0.013] 

Partially 
supported 

Attitude 
toward the 
retailer 

0.74 .037 −0.45 .110 0.29 .177 −0.16 [−0.395, 
−0.004] 

Partially 
supported 

 

The direction and significance of these results do not change if we include participants who 

failed the manipulation check.  
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5.4 Summary of hypothesis testing 

 

Hypothesis Description Result 

H1a AI-generated pricing leads to lower satisfaction than human-generated pricing Not supported 

H1b 

AI-generated pricing leads to more negative attitudes toward the retailer than 

human-generated pricing Not supported 

H2a 

AI-generated pricing leads to higher perceived dehumanization than 

human-generated pricing Not supported 

H2b Perceived dehumanization negatively affects satisfaction Supported 

H2c Perceived dehumanization negatively affects attitude toward the retailer Supported 

H3a 

AI-generated pricing leads to lower perceived procedural justice than 

human-generated pricing Not supported 

H3b Perceived procedural justice positively affects satisfaction Supported 

H3c Perceived procedural justice positively affects attitude toward the retailer Supported 

H4a 

AI-generated pricing leads to stronger perceptions of ulterior motives than 

human-generated pricing Not supported 

H4b Perceived ulterior motives negatively affect satisfaction Supported 

H4c Perceived ulterior motives negatively affect attitude toward the retailer Supported 

H5a 

SES moderates the effect of pricing source on perceived dehumanization, stronger 

among lower-SES customers Partially supported* 

H5b 

SES moderates the effect of pricing source on perceived procedural justice, 

stronger among lower-SES customers Not supported 

H5c 

SES moderates the effect of pricing source on perceived ulterior motives, stronger 

among lower-SES customers Not supported 

 

*Supported only when SES is operationalized as a binary (mean-split) moderator, not as a 

continuous variable.​
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6. Discussion 

6.1 Discussion of Mediators 

Contrary to the proposed hypotheses, the findings did not reveal significant differences 

between AI-driven and human-driven pricing on either satisfaction or attitudes toward the 

retailer. Similarly, AI disclosure was not significantly associated with perceived 

dehumanization, procedural justice, or ulterior motives. Accordingly, none of the proposed 

mediation effects were supported. Importantly, however, all three mediators were 

significantly associated with both satisfaction and attitudes toward the retailer in the expected 

directions. Higher levels of dehumanization and ulterior motives were associated with lower 

satisfaction and more negative retailer attitudes, while procedural justice was positively 

associated with both outcomes. 

 

Taken together, these findings may suggest that while consumers are responsive to 

perceptions of fairness, human recognition, and firm intentions, the mere disclosure that a 

price was generated by AI rather than a human may not be sufficient to meaningfully activate 

such perceptions within the examined context. In other words, the underlying psychological 

mechanisms appear relevant to consumers evaluations of personalized pricing, yet 

pricing-source disclosure alone did not significantly activate them in the present context. 

6.2 Discussion of SES Moderation Effect 

Contrary to H5a–H5c, subjective socioeconomic status did not significantly moderate the 

indirect effects of pricing source on satisfaction or attitudes toward the retailer when SES was 

treated as a continuous variable. None of the interaction terms between agent type and SES 

were significantly associated with dehumanization, procedural justice, or ulterior motives, 

and all indices of moderated mediation included zero within their bootstrap confidence 

intervals. These findings suggest that the indirect effects of AI versus human pricing did not 

systematically vary across SES levels within the primary analysis. 

 

When SES was operationalized as a binary variable through a mean split, a different pattern 

emerged for the dehumanization pathway. Specifically, a significant interaction between 

agent type and SES group were observed for dehumanization in both the satisfaction and 

attitude models, and the indices of moderated mediation through dehumanization were 
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significant. This provided partial exploratory support for H5a, suggesting that subjective 

socioeconomic position may shape how consumers interpret AI-driven pricing in relation to 

feelings of dehumanization. However, given the methodological constraints associated with 

the variable dichotomization and absence of significant conditional effects within each group 

individually, these findings should be treated as hypothesis-generating rather than 

confirmatory.  

6.3 General discussion  

The primary aim of this paper is to explore whether disclosing AI-generated personalized 

pricing triggers more negative consumer responses than human-generated pricing, and 

whether these effects are shaped by consumers' subjective socioeconomic status. The results 

show that the answer is not as clear-cut as initially anticipated. Anchored in algorithm 

aversion literature (e.g., Dietvorst et al., 2015; Castelo, 2019; Mahmud, 2022), we argued that 

AI disclosure would activate perceptions of dehumanization, procedural injustice, and ulterior 

motives, which in turn would reduce consumer satisfaction and attitudes toward the retailer. 

Across both the mediation and moderated mediation analyses, the mediators themselves were 

consistently and significantly associated with both outcomes in the expected directions. 

However, contrary to our expectations, AI pricing disclosure did not significantly differ from 

human pricing disclosure on any of the proposed mediators or outcomes. Conclusively, the 

psychological mechanisms matter, but pricing-source disclosure alone was not sufficient to 

activate them in the present context. To explain the non-significant findings we offer two 

possible explanations.  

 

First, it may be that AI-driven personalization has become sufficiently normalized in 

contemporary retail environments and throughout society (Maedche et al., 2019), that 

consumers no longer perceive algorithmic involvement as novel or threatening. As firms 

progressively integrate AI into recommendation systems, customer service, and 

personalization, consumers may have developed a generalized expectation of algorithmic 

involvement in retail interactions (Cao et al., 2021; Guha et al., 2021). Such familiarity and 

exposure has been shown to reduce uncertainty (Montoya et al., 2017) and increase trust in 

technological agents (Komiak & Benbasat, 2006), making it plausible that participants in the 

present study simply did not perceive AI-generated pricing as sufficiently distinct from 

human-generated pricing to produce differential reactions.  
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A second explanation concerns the specific retail context used in the study. Participants 

evaluated a personalized pricing scenario involving a familiar, and low stake product 

category offered at a modest price point. As discussed in our hypothesis development, prior 

research suggests that consumer responses toward AI systems vary depending on task type 

and contexts (Castelo et al., 2019; Lee, 2018; Logg, 2019), while aversion and fairness 

concerns may be particularly pronounced when outcomes are personally consequential or 

financially significant (Haws & Bearden, 2006). The present study may therefore have 

represented a comparatively weak activation context, where AI involvement alone was 

insufficient to meaningfully trigger concerns regarding dehumanization, unfairness, or 

exploitative intent. 

 

This contextual argument is also consistent with more recent evidence complicating the 

traditionally negative view of algorithmic decision-making. Duani et al. (2024) found that 

consumers sometimes perceive algorithmic pricing as fairer than equivalent human-driven 

pricing, partly because algorithms were viewed as less judgmental and more objective. This 

suggests that in familiar, low-stakes retail contexts, AI disclosure may carry neutral or even 

favorable connotations rather than triggering aversion, potentially dampening any differential 

response to AI versus human pricing in the present sample. 

6.4 Theoretical Contribution 

The results of this paper contribute to several fields of research. Foremost, this study 

responds to calls for a deeper understanding of the contextual and psychological conditions 

under which consumers develop negative reactions toward AI-driven marketplace decisions 

(Puntoni et al., 2021; Ohlwein & Bruno, 2025). While algorithm aversion has been studied 

across a range of consumer and organizational contexts (Dietvorst et al., 2015; Jussupow, 

2024), and personalized pricing has been examined through the lenses of ethical concerns and 

perceived fairness (Seele et al., 2021; Priester et al., 2020), limited attention has been paid to 

how pricing-source disclosure specifically activates the psychological mechanisms through 

which consumers evaluate personalized pricing and how attitudes spillover towards the 

retailer. Our study reveals that dehumanization, procedural justice, and ulterior motives are 

meaningful evaluative lenses through which consumers assess personalized pricing processes, 

but that there is much left to learn about the conditions under which pricing-source disclosure 

is sufficient to activate them.  
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Further, present findings suggest that disclosure alone may constitute a comparatively weak 

psychological cue when algorithmic systems are already normalized within everyday retail 

environments. This supports a more context-dependent understanding of algorithmic aversion 

and appreciation (Castelo et al., 2019; Lee, 2018; Logg et al., 2019), and extends existing 

literature by identifying the low-stakes retail context as a potential boundary condition. 

 

Third, by introducing subjective socioeconomic status as a moderating condition, this paper 

responds to broader calls for a more nuanced understanding of the psychological and 

contextual conditions shaping consumer reactions to AI-driven marketplace decisions 

(Puntoni et al., 2021; Ohlwein & Bruno, 2025). While the primary moderation hypotheses 

were not supported, the exploratory findings suggest that socioeconomic background may 

still influence how consumers interpret potentially dehumanizing pricing processes. In doing 

so, the study contributes to emerging research showing that perceptions of fairness and 

algorithmic decision-making differ across socioeconomic groups rather than remaining 

uniform across consumers (e.g., Nguyen et al., 2024; Xie et al., 2024). 

6.5 Managerial Implications 

For managers, understanding how consumers respond to AI-driven pricing systems is 

becoming increasingly important (Guha et al., 2021). As retailers increasingly explore the use 

of artificial intelligence in personalization, customer management, and pricing-related 

decision processes (Cao et al., 2021; Libai et al., 2020), firms are simultaneously under 

pressure to improve efficiency, optimize profitability, and maintain customer trust.While this 

study set out to demonstrate that AI disclosure would trigger consumer backlash, our findings 

did not support such an effect in the given context. Yet the study still advances several 

important insights for practitioners navigating the implementation of algorithmic pricing. 

 

First, the findings suggest that disclosing AI involvement in pricing may not automatically 

damage consumer evaluations in relatively familiar retail contexts. As algorithmic 

personalization becomes increasingly embedded in everyday retail, consumers may no longer 

perceive AI pricing as particularly unusual or threatening. For managers, this provides some 

reassurance: the implementation of AI-driven pricing systems need not generate the strong 

consumer backlash often implied in public discourse, at least in low-stakes purchase 

environments. 
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At the same time, the results make clear that perceptions of dehumanization, procedural 

justice, and ulterior motives remain strongly associated with both satisfaction and retailer 

attitudes. Even if AI disclosure did not significantly activate these concerns in the present 

study, consumers are clearly sensitive to pricing processes perceived as impersonal, opaque, 

or exploitative. This means the managerial challenge is not primarily whether to use AI in 

pricing, but how such systems are designed, communicated, and experienced. Providing 

understandable explanations for personalized prices, maintaining accessible channels for 

contestation, and limiting the appearance of excessive profit extraction may all help protect 

consumer evaluations regardless of whether a human or algorithm sets the price. 

6.6 Limitations & Future research  

This study is subjected to several limitations that should be considered when interpreting the 

findings. These limitations do not invalidate the contributions, but constrain conclusions that 

can be drawn and guide important directions of future research.   

 

The first limitation concerns the experimental stimulus and its capacity to activate the 

proposed psychological mechanisms.  Participants evaluated a personalized pricing scenario 

involving a pair of white sneakers priced at 799 SEK – a product deliberately chosen for its 

neutrality and familiarity. While this strengthened experimental control, the scenario 

represents a relatively low-stakes and low-involvement purchase in which the financial and 

social consequences of a potentially unfair price are limited. Prior research suggests that 

fairness concerns become most salient when outcomes are consequential or when individuals 

perceive themselves to be at a relative disadvantage (Ferguson et al., 2014; Haws & Bearden, 

2006). Thus, the stimulus, combined with subtle disclosure manipulation, may therefore have 

been insufficient to meaningfully activate proposed mechanisms.  

 

This interpretation is further supported by the substantial number of respondents who failed 

the manipulation check (27%), suggesting that the distinction between AI- and 

human-generated pricing was not sufficiently psychologically salient to all participants. As 

Colquitt (2008) notes, experiments require not just surface realism but psychological realism, 

and that participants must genuinely experience the intended construct for the manipulation to 

be effective. The relatively high failure rate therefore suggests that many participants may not 

have attended to, remembered, or otherwise processed the disclosed pricing source as a 

central aspect of the pricing encounter. At the same time, consumers in real retail 
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environments may similarly pay limited attention to such disclosures. Consequently, the 

failure rate may not only represent a methodological limitation but also suggest that 

pricing-source information is unlikely to be highly influential unless consumers actively 

notice and process it. Therefore, future research identifying the specific contextual conditions 

necessary to activate these mechanisms should be high on the research agenda; specifically, 

researchers should test the model in higher-involvement contexts such as insurance, travel, or 

healthcare pricing, where the psychological stakes of being priced by an algorithm are more 

acutely felt. 

 

Second, a substantive limitation concerns statistical power. 326 responses were initially 

collected, the attention check reduced the sample to n = 286, and later the manipulation check 

reduced the sample to n = 237. A sample size exceeding 400 observations would be more 

appropriate to detect indirect effects of small-to medium magnitude in parallel mediation 

(Fritz & MacKinnon, 2007). While the post-hoc sensitivity analysis indicated that the 

achieved sample could detect effects of approximately f² = .042, the independent-samples 

t-tests showed negligible mean differences between the AI and human conditions (Cohen's d 

values of .030 for satisfaction; .063 for attitude toward the retailer). These values suggest that 

any pricing-source effect on the primary outcomes was very small in the present context. 

Consequently, while the achieved sample size may have reduced sensitivity to detect subtle 

indirect effects, the findings also suggest that any pricing-source effects in the present context 

were likely limited in magnitude and difficult to detect reliably. The null findings should 

therefore not be interpreted as definitive evidence that pricing-source disclosure has no effect, 

but rather that such effects may be weak and context-dependent. Future research should 

therefore aim to recruit larger samples, ideally exceeding 400 observations (Fritz & 

MacKinnon, 2007), while embedding the manipulation in a higher-involvement context – as 

suggested above – where effect sizes are more likely to be of sufficient magnitude to detect 

the proposed indirect effects reliably. 

 

Third, the distribution of subjective socioeconomic status (SES) within the sample limits the 

conclusions that can be drawn regarding SES moderation. The SES distribution was 

markedly right-skewed with a mean of 5.97 (SD = 1.76) on a 10-point MacArthur Ladder 

scale and 63.7% of participants scoring in the upper half of the scale, resulting in insufficient 

representation of lower-SES consumers. This is not merely an effect of sampling error – 

Sweden is characterised by relatively compressed income inequality compared to many other 
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OECD countries (OECD, 2024), meaning that the relative absence of subjective low-SES 

respondents may partly reflect the structural reality of Swedish society. Nevertheless, the 

consequence for the present study is the same: reduced statistical power to detect moderated 

mediation hypothesized under H5. Further, the exploratory dichotomization of SES using a 

mean split, while yielding tentative support for H5a, is known to  reduce statistical power and 

obscure variance (MacCallum et al., 2002), and should be treated as hypothesis-generating 

rather than confirmatory. Future research should therefore recruit more socioeconomically 

diverse samples, specifically oversampling lower-SES consumers, and consider replicating 

the study in countries (or regions) with greater socioeconomic stratification/diversification to 

provide a more robust test of the moderation hypotheses. 

 

Finally, several measurement scales were adapted from prior literature to fit the context of 

AI-driven personalized pricing. While this approach is common, many of the validated scales 

were originally developed for other domains rather than personalized pricing specifically. It is 

therefore possible that some items were interpreted inconsistently by respondents or did not 

fully capture the intended constructs, introducing measurement error and potentially 

attenuating observed relationships. Future research should therefore address this by either 

developing and validating pricing-specific scales for the proposed mediators, or apply the 

model to already suitable ones for other psychological mechanisms, which could strengthen 

construct validity in this emerging research context.  

 

37 



 

7. References 

Adler, N. E., Epel, E. S., Castellazzo, G., & Ickovics, J. R. (2000). Relationship of Subjective 

and Objective Social Status With Psychological and Physiological Functioning: Preliminary 

Data in Healthy White Women. Health Psychology, 19(6), 586–592. 

https://doi.org/10.1037/0278-6133.19.6.586 

Antonakis, J. (2017). On doing better science: From thrill of discovery to policy implications. 

The Leadership Quarterly, 28(1), 5–21. https://doi.org/10.1016/j.leaqua.2017.01.006 

Araujo, T., Helberger, N., Kruikemeier, S., & de Vreese, C. H. (2020). In AI we trust? 

Perceptions about automated decision-making by artificial intelligence. AI & Society, 35(3), 

611–623. https://doi.org/10.1007/s00146-019-00931-w 

 

Oren Bar-Gill. (2019). Algorithmic price discrimination when demand is a function of both 

preferences and (mis)perceptions. The University of Chicago Law Review, 86(2), 217–254. 

 

Bigman, Y. E., Wilson, D., Arnestad, M. N., Waytz, A., & Gray, K. (2023). Algorithmic 

discrimination causes less moral outrage than human discrimination. Journal of Experimental 

Psychology: General, 152(1), 4-27. https://doi.org/10.1037/xge0001250 

 

Bolin, G., & Andersson Schwarz, J. (2015). Heuristics of the algorithm: Big Data, user 

interpretation and institutional translation. Big Data & Society, 2(2), 2053951715608406. 

 

Bolton, L. E., Warlop, L., & Alba, J. W. (2003). Consumer perceptions of price (un)fairness. 

Journal of Consumer Research, 29(4), 474–491. https://doi.org/10.1086/346244 

 

Caesens, G., Stinglhamber, F., Demoulin, S., & De Wilde, M. (2017). Perceived 

organizational support and employees’ well-being: the mediating role of organizational 

dehumanization. European Journal of Work and Organizational Psychology, 26(4), 527–540. 

https://doi-org.ez.hhs.se/10.1080/1359432X.2017.1319817 

 

Calvano, E., Calzolari, G., Denicolo, V., & Pastorello, S. (2020). Artificial intelligence, 

algorithmic pricing, and collusion. American Economic Review, 110(10), 3267-3297. 

https://doi.org/10.1257/aer.20190623 

38 

https://doi.org/10.1037/0278-6133.19.6.586
https://doi.org/10.1016/j.leaqua.2017.01.006
https://doi.org/10.1007/s00146-019-00931-w
https://doi.org/10.1037/xge0001250
https://doi.org/10.1086/346244
https://doi-org.ez.hhs.se/10.1080/1359432X.2017.1319817
https://doi.org/10.1257/aer.20190623


 

Campbell, M. C. (1999). Perceptions of Price Unfairness: Antecedents and Consequences. 

Journal of Marketing Research, 36(2), 187. https://doi.org/10.2307/3152092 

Cao, L. (2021). Artificial intelligence in retail: applications and value creation logics. 

International Journal of Retail & Distribution Management, 49(7), 958–976. 

https://doi.org/10.1108/IJRDM-09-2020-0350 

Castelo, N., Bos, M. W., & Lehmann, D. R. (2019). Task-Dependent Algorithm Aversion. 

Journal of Marketing Research, 56(5), 809–825. https://doi.org/10.1177/0022243719851788 

 

Chen, G., Dang, J., & Liu, L. (2024). After opening the black box: Meta-dehumanization 

matters in algorithm recommendation aversion. Computers in Human Behavior, 161, Article 

108411. https://doi.org/10.1016/j.chb.2024.108411 

 

Colquitt, J. A. (2001). On the Dimensionality of Organizational Justice: A Construct 

Validation of a Measure. Journal of Applied Psychology, 86(3), 386–400. 

https://doi.org/10.1037/0021-9010.86.3.386 

 

Colquitt, J. A. (2008). From the editors: Publishing laboratory research in AMJ: A question 

of when, not if. Academy of Management Journal, 51(4), 616–620. 

https://doi.org/10.5465/amr.2008.33664717 

 

Dawes, R. M. (1979). The robust beauty of improper linear models in decision making. 

American Psychologist, 34(7), 571–582. https://doi.org/10.1037/0003-066X.34.7.571 
 

Decker, M., Wegner, L. & Leicht-Scholten, C. Procedural fairness in algorithmic 

decision-making: the role of public engagement. Ethics Inf Technol 27, 1 (2025). 

https://doi-org.ez.hhs.se/10.1007/s10676-024-09811-4 

 

Deng, H., Jin, L., & Xu, Q. (2022). “Right” on the day: How the timing of date‐specific 

promotions influences consumer responses. Psychology & Marketing, 39(2), 429–440. 

https://doi-org.ez.hhs.se/10.1002/mar.21607 

 

39 

https://doi.org/10.2307/3152092
https://doi.org/10.1108/IJRDM-09-2020-0350
https://doi.org/10.1177/0022243719851788
https://doi.org/10.1016/j.chb.2024.108411
https://doi.org/10.1037/0021-9010.86.3.386
https://doi.org/10.5465/amr.2008.33664717
https://doi.org/10.1037/0003-066X.34.7.571
https://doi-org.ez.hhs.se/10.1007/s10676-024-09811-4
https://doi-org.ez.hhs.se/10.1002/mar.21607


 

Dietvorst, B. J., Simmons, J. P., & Massey, C. (2015). Algorithm aversion: People 

erroneously avoid algorithms after seeing them err. Journal of Experimental Psychology: 

General, 144(1), 114–126. https://doi.org/10.1037/xge0000033  

 

Directive 2019/2161. Directive (EU) 2019/2161 of the European Parliament and of the 

Council of 27 November 2019 amending Council Directive 93/13/EEC and Directives 

98/6/EC, 2005/29/EC and 2011/83/EU as regards the better enforcement and modernisation 

of Union consumer protection rules. http://data.europa.eu/eli/dir/2019/2161/oj 

 

Regulation 2022/2065. Regulation (EU) 2022/2065 of the European Parliament and of the 

Council of 19 October 2022 on a Single Market for Digital Services and amending Directive 

2000/31/EC (Digital Services Act). http://data.europa.eu/eli/reg/2022/2065/oj  

Duani, N., Barasch, A., & Morwitz, V. (2024). Demographic Pricing in the Digital Age: 

Assessing Fairness Perceptions in Algorithmic versus Human-Based Price Discrimination. 

Journal of the Association for Consumer Research, 9(3), 257–268. 

https://doi-org.ez.hhs.se/10.1086/729440 

Fang, X., H. Zhou, and S. Chen. (2025). A Replication of “Explaining Why the Computer 

Says No: Algorithmic Transparency Affects the Perceived Trustworthiness of Automated 

Decision-Making”. Public Administration 103(4) 1232–1252. 

https://doi-org.ez.hhs.se/10.1111/padm.70015. 

 

Ferguson, J. L., Ellen, P. S., & Bearden, W. O. (2014). Procedural and Distributive Fairness: 

Determinants of Overall Price Fairness. Journal of Business Ethics, 121(2), 217–231. 

https://doi.org/10.1007/s10551-013-1694-2 

 

Fountaine, T., McCarthy, B., & Saleh, T. (2019, July 1). Building the AI-Powered 

Organization. Harvard Business Review. 

 

Fritz, M. S., & MacKinnon, D. P. (2007). Required Sample Size to Detect the Mediated 

Effect. Psychological Science, 18(3), 233–239. 

https://doi.org/10.1111/j.1467-9280.2007.01882.x 

 

40 

https://doi.org/10.1037/xge0000033
http://data.europa.eu/eli/dir/2019/2161/oj
http://data.europa.eu/eli/reg/2022/2065/oj
https://doi-org.ez.hhs.se/10.1086/729440
https://doi-org.ez.hhs.se/10.1111/padm.70015
https://doi.org/10.1007/s10551-013-1694-2
https://doi.org/10.1111/j.1467-9280.2007.01882.x


 

Gasser, U., & Almeida, V. A. (2017). A layered model for AI governance. IEEE Internet 

Computing, 21(6), 58-62. https://doi.org/10.1109/MIC.2017.4180835 

 

Ghasemaghaei, M., & Turel, O. (2025). When Big Data Dehumanizes: Situational 

Boundaries of Data-Driven Ethical Risk. Communications of the Association for Information 

Systems, 57, 86. 

 

Godoy, J. de, Otrel-Cass, K., & Toft, K. H. (2021). Transformations of trust in society: A 

systematic review of how access to big data in energy systems challenges Scandinavian 

culture. Energy and AI, 5, Article 100079. https://doi.org/10.1016/j.egyai.2021.100079 

 

Gray, K., & Wegner, D. M. (2012). Feeling robots and human zombies: Mind perception and 

the uncanny valley. Cognition, 125(1), 125-130. 

https://doi.org/10.1016/j.cognition.2012.06.007 

Geuens, M., & De Pelsmacker, P. (2017). Planning and Conducting Experimental Advertising 

Research and Questionnaire Design. Journal of Advertising, 46(1), 83–100. 

https://doi-org.ez.hhs.se/10.1080/00913367.2016.1225233 

Guha, A., Grewal, D., Kopalle P. K., Haenlein, M., Schneider, M. J., Jung, H., Moustafa, R., 

Hegde, D. R. & Hawkins, G. (2021). How artificial intelligence will affect the future of 

retailing. Journal of Retailing, 97 (1), 28-41. https://doi.org/10.1016/j.jretai.2021.01.005 

 

Haslam, N., & Stratemeyer, M. (2016). Recent research on dehumanization. Current Opinion 

in Psychology, 11, 25-29. https://doi.org/10.1016/j.copsyc.2016.03.009 

 

Hauser, D. J., Ellsworth, P. C., & Gonzalez, R. (2018). Are Manipulation Checks Necessary? 

Frontiers in Psychology, 9, 998. https://doi.org/10.3389/fpsyg.2018.00998 

 

Hayes, A. F. (2022). Introduction to mediation, moderation, and conditional process 

analysis: A regression-based approach (Third edition). New York: The Guilford Press. 

 

Haws, K. L. & Bearden, W. O. (2006). Dynamic Pricing and Consumer Fairness Perceptions. 

Journal of Consumer Research, 33(3), 304–311. https://doi-org.ez.hhs.se/10.1086/508435 

41 

https://doi.org/10.1109/MIC.2017.4180835
https://doi.org/10.1016/j.egyai.2021.100079
https://doi.org/10.1016/j.cognition.2012.06.007
https://doi-org.ez.hhs.se/10.1080/00913367.2016.1225233
https://doi.org/10.1016/j.jretai.2021.01.005
https://doi.org/10.1016/j.copsyc.2016.03.009
https://doi.org/10.3389/fpsyg.2018.00998
https://doi-org.ez.hhs.se/10.1086/508435


 

Highhouse, S. (2009). Designing Experiments That Generalize. Organizational Research 

Methods, 12(3), 554–566. https://doi-org.ez.hhs.se/10.1177/1094428107300396 

Huang, M., Rust,T. R. (2022). A Framework for Collaborative Artificial Intelligence in 

Marketing. Journal of Retailing, (98)2, 209-223 https://doi.org/10.1016/j.jretai.2021.03.001 

 

Hwang, K., E. Lee, and Y. Yoon. 2025. “ Something Smells Fishy: How Sales Assistant 

Types and Suspicion Influence Perceived Message Credibility.” Journal of Consumer 

Behaviour 24, no. 6: 3104–3122. https://doi-org.ez.hhs.se/10.1002/cb.70048. 

 

Jussupow, E., Benbasat, I., & Heinzl, A. (2024). An Integrative Perspective on Algorithm 

Aversion and Appreciation in Decision-Making. MIS Quarterly, 48(4), 1575–1590. 

https://doi.org/10.25300/MISQ/2024/18512 

 

Komiak, S. Y. X., & Benbasat, I. (2006). The Effects of Personalization and Familiarity on 

Trust and Adoption of Recommendation Agents. MIS Quarterly, 30(4), 941–960. 

https://doi.org/10.2307/25148760 

 

Kraus, M. W., Horberg, E. J., Goetz, J. L., & Keltner, D. (2011). Social class rank, threat 

vigilance, and hostile reactivity. Personality and Social Psychology Bulletin, 37(10), 

1376-1388. https://doi.org/10.1177/0146167211410987 

 

Kraus, M. W., Piff, P. K., Mendoza-Denton, R., Rheinschmidt, M. L., & Keltner, D. (2012). 

Social class, solipsism, and contextualism: how the rich are different from the poor. 

Psychological review, 119(3), 546. https://doi.org/10.1037/a0028756 
 

Kteily, N., Hodson, G., & Bruneau, E. (2016). They see us as less than human: 

Metadehumanization predicts intergroup conflict via reciprocal dehumanization. Journal of 

Personality and Social Psychology, 110(3), 343-370. https://doi.org/10.1037/pspa0000044 

 

Lagios, C., Stinglhamber, F., Restubog, S. L. D., Lagios, N., Brison, N., & Caesens, G. 

(2024). When organizational dehumanization hits home: Short‐scale validation and test of a 

spillover–crossover model. Journal of Occupational and Organizational Psychology, 97(3), 

1037-1075. https://doi.org/10.1111/joop.12493  

42 

https://doi-org.ez.hhs.se/10.1177/1094428107300396
https://doi.org/10.1016/j.jretai.2021.03.001
https://doi-org.ez.hhs.se/10.1002/cb.70048
https://doi.org/10.25300/MISQ/2024/18512
https://doi.org/10.2307/25148760
https://doi.org/10.1177/0146167211410987
https://doi.org/10.1037/a0028756
https://doi.org/10.1037/pspa0000044
https://doi.org/10.1111/joop.12493


 

 

Lee, M. K. (2018). Understanding perception of algorithmic decisions: Fairness, trust, and 

emotion in response to algorithmic management. Big Data & Society, 5(1) 

https://doi.org/10.1177/2053951718756684 

 

Lee, S. W., & Sharma, A. (2026). AI versus human-generated hotel pricing: Unpacking 

consumer perceptions of trustworthiness and fairness. Tourism Economics : The Business and 

Finance of Tourism and Recreation, 32(4), 825–844. 

https://doi.org/10.1177/13548166251391486  

 

Leventhal, G. S. (1980). What Should Be Done with Equity Theory?: New Approaches to the 

Study of Fairness in Social Relationships. In R. H. Willis, M. S. Greenberg, & K. J. Gergen 

(Eds.), Social Exchange (pp. 27–55). Springer US. 

https://doi.org/10.1007/978-1-4613-3087-5_2 

 

Li, F. (Sam), Meng, L. (Monroe), Zhang, G., & Su, Q. (2025). Leveraging Pricing Strategies 

for Destination Management: The Impact of Algorithm-led Versus Human-led Price 

Discrimination on Tourist Attitudes Toward Destinations. Journal of Travel Research. 

https://doi.org/10.1177/00472875251353483 

 

Li, Z. (2022). Affinity-based algorithmic pricing: A dilemma for EU data protection law. 

Computer Law & Security Review, 46, Article 105705. 

https://doi.org/10.1016/j.clsr.2022.105705 

 

Libai, B., Bart, Y., Gensler, S., Hofacker, C. F., Kaplan, A., Kötterheinrich, K., & Kroll, E. B. 

(2020). Brave new world? On AI and the management of customer relationships. Journal of 

Interactive Marketing, 51(1), 44-56. https://doi.org/10.1016/j.intmar.2020.04.002  

 

Logg, J. M., J. A. Minson, and D. A. Moore. 2019. Algorithm Appreciation: People Prefer 

Algorithmic to Human Judgment. Organizational Behavior and Human Decision Processes 

151: 90–103. https://doi.org/10.1016/j.obhdp.2018.12.005 

43 

https://doi.org/10.1177/2053951718756684
https://doi.org/10.1177/13548166251391486
https://doi.org/10.1007/978-1-4613-3087-5_2
https://doi.org/10.1177/00472875251353483
https://doi.org/10.1016/j.clsr.2022.105705
https://doi.org/10.1016/j.intmar.2020.04.002
https://doi.org/10.1016/j.obhdp.2018.12.005


 

Lonati, S., Quiroga, B. F., Zehnder, C., & Antonakis, J. (2018). On doing relevant and 

rigorous experiments: Review and recommendations. Journal of Operations Management, 

64, 19–40. https://doi-org.ez.hhs.se/10.1016/j.jom.2018.10.003 

Luo, X., Tong, S., Fang, Z., & Qu, Z. (2019). Frontiers: Machines vs. Humans: The Impact of 

Artificial Intelligence Chatbot Disclosure on Customer Purchases. Marketing Science 

(Providence, R.I.), 38(6), Article mksc. 2019.1192. https://doi.org/10.1287/mksc.2019.1192  

 

MacCallum, R. C., Zhang, S., Preacher, K. J., & Rucker, D. D. (2002). On the Practice of 

Dichotomization of Quantitative Variables. Psychological Methods, 7(1), 19–40. 

https://doi.org/10.1037/1082-989X.7.1.19  

 

MacKenzie, S. B., & Lutz, R. J. (1989). An empirical examination of the structural 

antecedents of attitude toward the ad in an advertising pretesting context. Journal of 

marketing, 53(2), 48-65. https://doi.org/10.1177/002224298905300204  

 

Mahmud, H., Islam, A. N., Ahmed, S. I., & Smolander, K. (2022). What influences 

algorithmic decision-making? A systematic literature review on algorithm aversion. 

Technological forecasting and social change, 175, 121390. 

https://doi.org/10.1016/j.techfore.2021.121390  

 

Maedche, A., Legner, C., Benlian, A., Berger, B., Gimpel, H., Hess, T., Hinz, O., Morana, S., 

& Söllner, M. (2019). AI-Based Digital Assistants: Opportunities, Threats, and Research 

Perspectives. Business & Information Systems Engineering, 61(4), 535–544. 

https://doi.org/10.1007/s12599-019-00600-8 

 

Mills, G. K., (2019, Nov 19) Gender Bias Complaints against Apple Card Signal a Dark Side 

to Fintech. Harvard Business School.  

 

Montoya, R. M., Horton, R. S., Vevea, J. L., Citkowicz, M., & Lauber, E. A. (2017). A 

Re-Examination of the Mere Exposure Effect: The Influence of Repeated Exposure on 

Recognition, Familiarity, and Liking. Psychological Bulletin, 143(5), 459–498. 

https://doi.org/10.1037/bul0000085 

 

44 

https://doi-org.ez.hhs.se/10.1016/j.jom.2018.10.003
https://doi.org/10.1287/mksc.2019.1192
https://doi.org/10.1037/1082-989X.7.1.19
https://doi.org/10.1177/002224298905300204
https://doi.org/10.1016/j.techfore.2021.121390
https://doi.org/10.1007/s12599-019-00600-8
https://doi.org/10.1037/bul0000085


 

Nguyen, T., Alam, S., Hu, C., Albiston, C., & Salehi, N. (2024). Definitions of Fairness 

Differ Across Socioeconomic Groups & Shape Perceptions of Algorithmic Decisions. 

Proceedings of the ACM on Human-Computer Interaction. https://doi.org/10.1145/3687058  

 

OECD. (2024). OECD Data Explorer. Retrieved May 10, 2026, from OECD website: 

https://data-explorer.oecd.org/vis?fs 

 

Ohlwein, M., & Bruno, P. (2025). Algorithms of (un)fairness – Is personalized pricing fair 

game or foul play? International Journal of Market Research, 67(4), 363–374. 

https://doi-org.ez.hhs.se/10.1177/14707853251338579 

 

Prahl, A., Van Swol L. (2017). Understanding algorithm aversion: When is advice from 

automation discounted? Journal of Forecasting, 36(6), 691–702. 

https://doi.org/10.1002/for.2444 

 

Priester, A., Robbert, T., Roth, S. (2020). A special price just for you: effects of personalized 

dynamic pricing on consumer fairness perceptions. Journal of Revenue and Pricing 

Management 19(1) 99–112 https://doi.org/10.1057/s41272-019-00224-3  

 

Puntoni, S., Reczek, R. W., Giesler, M., & Botti, S. (2021). Consumers and artificial 

intelligence: An experiential perspective. Journal of marketing, 85(1), 131-151. 

https://doi.org/10.1177/0022242920953847  

 

Schultz, M. D., Clegg, M., Hofstetter, R., & Seele, P. (2025). Algorithms and 

dehumanization: a definition and avoidance model. AI & Society, 40(4), 2191–2211. 

https://doi.org/10.1007/s00146-024-02123-7  

 

Sainz, M., Martínez, R., Moya, M., Rodríguez-Bailón, R. and Vaes, J. (2021), Lacking 

socio-economic status reduces subjective well-being through perceptions of 

meta-dehumanization. Br. J. Soc. Psychol., 60: 470-489. 

https://doi-org.ez.hhs.se/10.1111/bjso.12412  

45 

https://doi.org/10.1145/3687058
https://data-explorer.oecd.org/vis?fs
https://doi-org.ez.hhs.se/10.1177/14707853251338579
https://doi.org/10.1002/for.2444
https://doi.org/10.1057/s41272-019-00224-3
https://doi.org/10.1177/0022242920953847
https://doi.org/10.1007/s00146-024-02123-7
https://doi-org.ez.hhs.se/10.1111/bjso.12412


 

Sainz, M., Martínez, R., & Lobato, R. M. (2026). Identifying Population Groups Based on 

Humanity Attribution to Low‐, Middle‐ and High‐Socioeconomic Status Groups: A 

Multilevel Latent Profile Analysis. Journal of Community & Applied Social Psychology, 

36(2). https://doi.org/10.1002/casp.70240  

Seele, P., Dierksmeier, C., Hofstetter, R., & Schultz, M. D. (2021). Mapping the Ethicality of 

Algorithmic Pricing: A Review of Dynamic and Personalized Pricing. Journal of Business 

Ethics, 170(4), 697-719. https://doi.org/10.1007/s10551-019-04371-w  

Shankar, V. (2018). How Artificial Intelligence (AI) is Reshaping Retailing. Journal of 

Retailing, 94(4), vi–xi. https://doi.org/10.1016/S0022-4359(18)30076-9  

 

Starke, C., Baleis, J., Keller, B., & Marcinkowski, F. (2022). Fairness perceptions of 

algorithmic decision-making: A systematic review of the empirical literature. Big Data & 

Society, 9(2). https://doi.org/10.1177/20539517221115189  

 

Söderlund, M., & Oikarinen, E. L. (2021). Service encounters with virtual agents: an 

examination of perceived humanness as a source of customer satisfaction. European Journal 

of Marketing, 55(13), 94-121. https://doi.org/10.1108/EJM-09-2019-0748  
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8. Appendix 

Appendix 1: 

 

“Now, imagine that you are shopping online for a pair of sneakers from a well-known retailer. 

Based on personal information you have previously provided, the retailer calculates a 

personalized price specifically for you. This means the price you see may differ from the 

price shown to other customers. *This price was determined by human staff “ 

 

 

 

Appendix 2: 

 

“Now, imagine that you are shopping online for a pair of sneakers from a well-known retailer. 

Based on personal information you have previously provided, the retailer calculates a 

personalized price specifically for you. This means the price you see may differ from the 

price shown to other customers. *This price was generated automatically through an AI 

system” 
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AI disclosure  

The generative AI tools ChatGPT, Gemini, and Claude were used during this thesis process. 

ChatGPT was primarily used to support selected parts of both the research process (including 

clarifying errors, statistical results and numbers that we initially found difficult to interpret) 

and writing process (mainly refining and structuring language appropriately). For example, 

we asked ChatGPT to rewrite sentences to make them clearer, more concise, and 

grammatically correct. A typical prompt we used was: “Without changing the meaning, can 

you rewrite this to make it clearer and grammatically correct?”. In addition, we experimented 

with using AI to help generate possible ways of structuring our report and organizing 

potential sections. However, throughout the process, we continuously refined and adjusted 

the preliminary structure ourselves. Google Gemini was mainly used for interpreting results 

from prior research, for example, summarizing articles to gain a quicker initial understanding 

before reading more closely ourselves. Claude was used as an additional supportive tool, 

primarily for writing-related assistance, such as in terms of language refinement and 

structuring improvements, when working on tying different parts of the thesis together. 

 

The use of these tools supported and streamlined our process in several ways. They helped us 

to work more efficiently with time-consuming tasks (such as finding grammatical errors), 

improving sentence structure, and finding clearer or more concise ways of formulating 

ourselves. This allowed us to spend more time on relevant papers, as well as for analyzing, 

interpreting, and discussing the results. However, the use of AI tools also involves some 

risks. In some cases, the AI-generated suggestions did not fully reflect what we intended in 

the prompts and risked changing the core meaning. To minimize this risk, we carefully and 

manually reviewed the outputs and tried to formulate specific and relevant prompts. In 

addition, AI tools may also generate misleading, or even inaccurate, information. We 

addressed this by ensuring that these tools were not used as sources of factual information or 

theoretical claims. (All academic content has been verified through peer-reviewed literature). 

 

Overall, the use of generative AI supported our process, while also helping us develop a 

deeper understanding of how to formulate prompts, evaluate outputs critically, and how to 

use AI tools effectively, yet responsibly, in an academic context.  
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