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ABSTRACT 

 

Algorithmic recommendations have transformed brand discovery on social media, creating new 

possibilities to personalize consumer experiences. This study analyses the impact of 

algorithmically driven recommendations on brand trust and purchase intention. 

The research employs a quantitative survey with an experimental between-subjects design. 

Independent-samples t-tests are used to examine the effectiveness of algorithmic cues, while 

linear regression and Hayes’ PROCESS macro are applied to investigate the mediating role of 

brand trust and moderating factors like involvement. 

The findings indicate that explicit algorithmic attribution does not significantly influence brand 

trust, suggesting a normalization effect and high baseline awareness among digital natives. 

Instead, perceived serendipity and objectivity are the main factors enhancing brand trust, which 

subsequently mediates purchase intention. Furthermore, the findings reveal a backfire effect for 

users with high privacy concerns and tech savviness. For those consumers, the perception of 

algorithmic influence triggers reactance rather than trust. Additionally, the results reveal that 

product involvement may not necessarily moderate the response toward algorithmic cues in 

fast-moving social media environments. 

The research concludes that effective algorithmic brand discovery requires a shift from mere 

technical precision towards responsible, serendipity- and objectivity-driven curation. These 

insights carry implications for brand managers, platform developers and policymakers, 

particularly regarding the need for clearer governance to protect consumers in increasingly 

automated environments. 
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SUMÁRIO 

 

As recomendações algorítmicas transformaram a descoberta de marcas, criando novas 

possibilidades de personalização. Este estudo examina o impacto das recomendações 

algorítmicas na confiança na marca e na intenção de compra. 

Utiliza um questionário experimental quantitativo com um desenho entre grupos. Para a análise, 

são aplicados testes t para amostras independentes, regressão linear e a macro PROCESS de 

Hayes. 

Os resultados indicam que a atribuição algorítmica não influencia significativamente a 

confiança na marca, sugerindo um efeito de normalização e um elevado nível de conhecimento 

de base entre os nativos digitais. A descoberta inesperada e a objetividade percebidas emergem 

como os fatores mais fortes na confiança na marca, o que, por sua vez, medeia a intenção de 

compra. Os resultados revelam um efeito contrário para utilizadores com elevadas 

preocupações em matéria de privacidade e literacia tecnológica, desencadeando reatância em 

vez de confiança. Além disso, os resultados revelam que o envolvimento pode não moderar a 

resposta a sinais algorítmicos em ambientes de redes sociais. 

A investigação conclui que a descoberta algorítmica de marcas requer uma mudança da precisão 

técnica para uma curadoria responsável, orientada pela serendipidade e pela objetividade. Estas 

conclusões têm implicações para gestores de marcas, plataformas e r esponsáveis políticos no 

que diz respeito à necessidade de uma governação mais clara para proteger os consumidores. 

 

Título: Descoberta algorítmica de marcas no Instagram e o seu impacto na confiança na 

marca e na intenção de compra 

Autor: Sabina Schumacher 

Palavras-chave: Descoberta algorítmica, sistemas recomendação, confiança na marca, 

intenção de compra, marketing digital 
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1 Introduction and Relevance 

“We want to make the most of people’s time and we believe that using technology to personalize 

everyone’s experience is the best way to do that.” (Mosseri, 2023, para. 3) 

The scope and context of brand management have shifted drastically in the past few years due 

to developments in digital media and changing consumer behavior (Araujo et al., 2020). As 

Adam Mosseri (2023), head of the social media platform Instagram, recently emphasized in the 

above citation, the strategic core of modern social media platforms lies in technological 

personalization of the user experience. This shift is driven by the increasing datafication of 

brand-consumer interactions, enabling more profound, multidimensional communication and 

relationships than previously possible (Araujo et al., 2020). Consequently, the way consumers 

make decisions has fundamentally changed, requiring a deeper understanding of new 

touchpoints within the digital ecosystem (Araujo et al., 2020). For brands, this means marketers 

must consider a vast amount of new factors that have changed interactions between themselves 

and consumers. 

1.1 Algorithmic Discovery 

A central element of this evolution is the huge amount of input consumers are exposed to in the 

digital world (Chen & Huang, 2024). Consequently, active search is gradually being replaced 

by passive discovery, as this extensively lowers search costs for customers (Li & Shi, 2025). 

This is oftentimes enabled by data, algorithms and artificial intelligence (AI) (Dong et al., 

2024). Modern technological enhancements allow for personalized journeys where algorithms 

influence decision processes, making them more efficient (Hardcastle et al., 2025). Cui and Van 

Esch (2025) describe this as a transition from a seeker economy to a delegate economy where 

artificial agents take over the role of discovery, rating and selecting products. This shifts control 

from brands actively pushing content towards consumers to algorithms that determine which 

brands gain visibility, thereby fundamentally changing how brands compete for attention. In 

this context, recommender systems (RS) are gaining importance in e-commerce and social 

media, where the platforms and their algorithms can be viewed as gatekeepers to discover 

content (Araujo et al., 2020; Hardcastle et al., 2025; Malthouse et al., 2019). The platforms no 

longer act as neutral agents but have control to shape visibility and interactions between firms, 

brands and consumers, redefining brand management (Araujo et al., 2020).  
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1.2 Relevance of the Topic 

The relevance of this research stems from the theoretical research gap, the practical challenges 

faced by brand managers and the specific characteristics of fast-moving consumer goods 

(FMCG) in this context. 

1.2.1 Theoretical and Practical Contributions 

Previous research has investigated AI and consumer behavior in terms of acceptance, trust and 

the tension between algorithm aversion and appreciation (Voorveld et al., 2024). However, 

most research has focused on active recommendation-seeking, such as conversational agents 

and voice assistants (Longoni & Cian, 2022; Puntoni et al., 2021). Furthermore, much research 

has focused on short-term transactional metrics like click rates and recommendation accuracy 

(Dong et al., 2024; Meng & Xiao, 2026). Although various product types and levels of 

involvement have been examined in the literature, there remains a lack of research addressing 

how these dynamics play out in the context of passive brand discovery in personalized social 

media feeds (Enes et al., 2024; Hardcastle et al., 2025; Li & Shi, 2025). 

This work addresses the gap by examining passive algorithmic discovery and expanding 

established theories, such as signaling (Erdem & Swait, 2004; Spence, 1973), brand equity 

(Erdem et al., 1999) and the Persuasion Knowledge Model (PKM) (Friestad & Wright, 1994; 

Voorveld et al., 2024) to modern algorithmically mediated settings1. In this new context, 

algorithms are viewed as active brand actors and non-human intermediaries, shaping 

consumers’ access to content, brands and products (Cui & Van Esch, 2025). 

As consumers increasingly rely on algorithms for discovery and research (Cui & Van Esch, 

2025), brand managers need to understand when algorithmic brand discovery builds brand trust 

and when it causes reactance. This is critical because recommendation channels may generate 

clicks but not conversion (Dong et al., 2024), meaning reach alone does not translate into 

purchase intention. This work provides insights into leveraging algorithmic discovery while 

avoiding privacy-driven backlash. 

 
1 Throughout this thesis, algorithmic attribution refers to the explicit labeling of a recommendation as 

algorithmically curated; algorithmic mediation describes the broader process through which algorithms shape 

content discovery and algorithmic perception denotes the individual's subjective awareness of algorithmic 

involvement. 
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1.2.2 FMCG Focus 

Finally, the study focuses specifically on the FMCG sector, as consumers’ decisions regarding 

FMCG products are often characterized by lower involvement and strong influence of impulse 

and heuristics (Drossos et al., 2014; Huang et al., 2025). Algorithmic discovery may be stronger 

in this context as it increases mental availability bias and significantly accelerates purchasing 

decisions through unplanned discoveries (Li et al., 2025). This research will analyze a setting 

in which financial risk is low and consumers bypass deep cognitive evaluation, likely relying 

on peripheral cues provided by algorithmic attribution. 

In conclusion, the goal of this study is to examine the far-reaching implications of algorithmic 

brand discovery in the digital ecosystem on brand outcomes and purchase intention, especially 

for FMCG brands in the setting of social media. Therefore, this study addresses the following 

central research question and corresponding sub-questions: 

• Main Research Question: How does algorithmic attribution of recommendations on 

social media affect consumer brand trust and subsequent purchase intention? 

• Sub-Question 1: To what extent does brand trust mediate the relationship between the 

algorithmic attribution and purchase intention? 

• Sub-Question 2: How does the consumer’s product category involvement moderate the 

effect of the algorithmic attribution on brand trust?" 

The work will be structured as follows. First, an overview of the existing literature and theories 

in this context is provided to formulate hypotheses. Second, the research methodology is 

presented. Next, the results are described, followed by a discussion, implications, limitations, 

an outlook on future research and a concluding summary. 
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2 Literature Review and Research Hypotheses 

One key element of the new ecosystem are RS, technology that makes use of AI abilities to 

deliver relevant information to users. Modern RS are designed to serve a dual purpose: while 

they reduce users' effort in navigating information overload by displaying relevant content, they 

also enable advertisers to target specific consumer segments more effectively (Ansari et al., 

2000; Chen & Huang, 2024; Malthouse et al., 2019). RS therefore function as information 

filtering tools (Roy & Dutta, 2022) and are broadly categorized into three approaches: content-

based filtering, focusing on similarities of product attributes; collaborative filtering, using social 

validation by matching users with similar interests and hybrid models, combining both (Ansari 

et al., 2000).  

The process by which consumers become aware of brands through this is is called "algorithmic 

brand discovery" in this work. It describes a process whereby consumers do not actively search 

for specific brands or products but passively encounter them as recommended content while 

browsing. Such discoveries can happen in e-commerce settings or on social media where brand 

messages are integrated into content feeds (Puntoni et al., 2021). Social media is nowadays the 

primary place for discovery and marketers need to compete for attention long before an actual 

purchase decision is made (Hudson & Thal, 2013). Algorithms determine the composition and 

content of the paid, earned and owned media a user sees, therefore they have become new 

gatekeepers for brand discovery (Araujo et al., 2020; Crawford, 2016). 

While these new developments have transformed digital commerce, they do not render classical 

marketing logic obsolete. On the contrary, well-established marketing and psychological 

theories provide an analytical frame to interpret the impact of these shifts. In the following, 

relevant theories will be discussed and applied to the context of algorithmic brand discovery 

and corresponding consumer behavior. 

2.1 Information Processing and the Elaboration Likelihood Model 

To understand passive discovery, especially in the FMCG context, the Elaboration Likelihood 

Model (ELM) (Petty & Cacioppo, 1986) serves as an analytical frame. The model explains how 

consumers process information and change their attitudes by presenting two different routes of 

information processing. The central route requires deep, cognitive engagement with presented 

arguments and features of a product. The peripheral route relies on simple mental shortcuts or 

heuristics to enable opinion formation with less cognitive effort. Which route is taken depends 

largely on consumers’ motivation and ability to process information, whereby product 
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involvement, defined as the perceived personal relevance of a product category, serves as the 

primary determinant of motivation (Drossos et al., 2014; Petty & Cacioppo, 1986). FMCG 

products, like snacks or basic personal care products, are typically considered low-involvement 

products (Drossos et al., 2014). Since they are generally inexpensive and carry little financial 

or personal risk, consumers usually have low motivation to rationally analyze complex product 

information before buying (Drossos et al., 2014). Consequently, peripheral processing 

dominates FMCG purchasing. As users who passively scroll also do not have an active purchase 

intention, their motivation for critical information processing is low and they are highly 

sensitive to external, peripheral cues (Kong & Lou, 2026). Algorithmic attribution can act as 

such a cue. As Banker and Khetani (2019) argue, low-involvement decisions are exactly those 

affected most by heavy reliance on algorithmic recommendations, since they are usually fast, 

with little expertise and high openness to external recommendations. Li and Shi (2025) further 

support the FMCG focus, demonstrating that under low-involvement conditions, the preference 

for human over algorithmic recommendations disappears, making algorithmic discovery 

equally effective across product types. Nevertheless, content type still plays a role in fostering 

acceptance. Fletcher and Nielsen (2019) show that people agree with algorithmic selection more 

often for soft content (lifestyle/ entertainment) than for hard facts. This logic arguably extends 

to hedonic FMCG products, reducing barriers for trust building. Finally, the mechanism of 

social proof acts as a decisive peripheral cue in this setting. Research shows that in low-

involvement contexts, social proof dominates, whereas in high-involvement contexts, risk 

avoidance is the key driver of purchase intention (Xu et al., 2023). In low-involvement 

situations, algorithms can serve as shortcuts and cues for collective approval. Overall, these 

results present evidence that FMCG products might benefit particularly strongly from 

algorithmic mediation. Chacon et al. (2025), however, identify a lack of research in this low-

involvement area, directly legitimizing the focus of this thesis. 

In summary, the ELM provides a psychological explanation for the premise of this research. As 

consumers  act cognitively conveniently with FMCG products and avoid the central route, 

they are heavily dependent on peripheral signals, like algorithmic attribution, during passive 

brand discovery on social media. 

2.2 Signaling, Social Proof and Availability Heuristics 

Because consumers in low-involvement settings avoid active cognitive paths, they rely on 

heuristics during passive discovery. One essential theory here is signaling theory. It states that 
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in markets with asymmetric information, brands serve as signals to convey product positions 

and reduce consumer uncertainty (Erdem & Swait, 2004; Spence, 1973). Brand credibility is 

the key characteristic of this signal, consisting of trustworthiness (willingness to deliver) and 

expertise (ability to deliver) (Erdem & Swait, 2004). This credibility was traditionally built 

through consistent marketing, however, in modern digital marketing, RS might become a 

reputational cue themselves. When consumers encounter a brand through RS, the platform’s 

algorithmic credibility can serve as a proxy for the brand’s own trustworthiness through a trust 

transfer process (Beck et al., 2023; Liu et al., 2018). This is especially true under conditions of 

high uncertainty (Erdem & Swait, 2004), like when discovering new brands. Consumers then 

usually have limited knowledge and rely on opinions of others to guide their decisions (Beck et 

al., 2023). A key signal within these systems is social proof, such as likes and comments, that 

can significantly influence impulse buying and serve as a cue for acceptance (Huang et al., 

2025). Crucially, algorithms actively amplify this effect by prioritizing and further distributing 

content that already shows high engagement, creating a self-reinforcing cycle where social 

proof signals become increasingly visible (Kong & Lou, 2026). In a broader sense, this has 

been introduced as the word-of-machine effect in the context of AI recommendations (Longoni 

& Cian, 2022). On content-driven, interactive platforms, it effectively guides behavior, 

increases brand trust and enhances engagement (Huang et al., 2025) through peripheral 

processing and social validation (Kong & Lou, 2026). Moreover, Aral and Walker (2014) argue 

that algorithmically amplified social proof creates a significantly stronger effect than traditional 

word-of-mouth, by targeting social structures. The availability bias introduced by Li et al. 

(2025) further extend this logic, when algorithmically recommended content feels vivid, current 

and personally relevant, its visibility itself signals social proof through collective acceptance 

and relevance, functioning as an implicit trustworthiness cue.  

2.3 Persuasion Knowledge and Consumer Skepticism 

The effectiveness of heuristic cues heavily depends on whether consumers’ cognitive defense 

mechanisms are activated (Hardcastle et al., 2025). The PKM provides the foundational 

framework for understanding how individuals recognize, evaluate and cope with persuasion 

attempts (Friestad & Wright, 1994). If consumers interpret a recommendation as a marketing 

tactic, it often leads to skepticism or resistance. Voorveld et al. (2024) recently extended the 

PKM to digital personalization by explaining how consumers evaluate and cope with 

algorithmic recommendations. Key elements are algorithmic awareness, perceived 

appropriateness and actual coping abilities. According to the PKM, reactions are based on three 
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factors: persuasion knowledge (knowledge of marketing tactics and their effectiveness), agent 

knowledge (knowledge of the sender’s intentions and attributes) and topic knowledge of the 

product or area of interest (Friestad & Wright, 1994). Voorveld et al. (2024) further demonstrate 

that factors such as internet literacy and privacy concerns determine group affiliation, which in 

turn shapes reactions. For example the control paradox group often shows a high acceptance 

and illusive security leading to easier trust building, the fatigued group are aware of algorithms 

but feel powerless against them which might erode the basis of trust beforehand, while the 

group of skilled and critical consumers have high competence and cope with algorithms more 

skeptically making the formation of long-term brand equity more difficult (Voorveld et al., 

2024). This suggests that the positive effects of algorithmic attribution may reverse once 

consumers’ persuasion knowledge is activated. 

Nevertheless, the concept of serendipity, defined as feelings resulting from a product encounter 

that is positive, unexpected and involves some degree of chance, provides a vital counter-

mechanism against skepticism. When algorithmic discovery produces such encounters, it can 

significantly increase satisfaction, enjoyment, purchase intention and brand interest, compared 

to a personal choice, particularly among consumers who feel insufficiently knowledgeable to 

decide independently (Kim et al., 2021). Chen and Huang (2024), however, point out the trade-

off between diversity and serendipity. Algorithms must balance known preferences and new 

content to avoid filter bubbles2 and retain users in the long term. The neutralization of 

skepticism is further supported by the concept of enchanted determinism (Campolo & 

Crawford, 2020), which describes how AI systems are perceived as almost magical and beyond 

human understanding, yet trusted because of their predictive accuracy. This encourages 

algorithmic appreciation rather than critical questioning, leading consumers to trust outcomes 

without demanding process transparency. Similarly, Chacon et al. (2025) note that consumers 

appreciate algorithms because they do not expect emotional warmth from machines. Therefore, 

highly accurate recommendations feel like a pleasant surprise, evoking algorithm appreciation.  

2.4 Brand Trust Formation and Algorithm Appreciation 

The central mechanism for long-term impact is how trust in technology and recommendations 

becomes trust in the brand. This chapter will explain how the interplay of discussed theories 

may lead to trust formation in the algorithmic brand discovery context.  

 
2 This concept describes an isolated information environment created through algorithmic personalization, in 

which users primarily see content that corresponds to their existing preferences and past behavior, thereby severely 

restricting access to diverse perspectives (Cho et al., 2020; Hardcastle et al., 2025) 
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Trust transfer theory builds on social psychological association models and organizational trust 

research and states that trust in a familiar entity can be transferred to a linked but unknown 

target if there is a perceived relation between them (Stewart, 2003). This occurs through direct 

communication or cognitive association (Stewart, 2003). In the context of algorithmic 

discovery, this implies that algorithmic mediation of content featuring a brand may serve as a 

proxy for a brand’s trustworthiness. Recent research extends this by proposing a chain of trust 

in social commerce, trust in the platform itself serves as a foundational safeguard that facilitates 

trust in the specific recommendation, which is eventually transferred to the brand (Beck et al., 

2023). Furthermore, Liu et al. (2018) have shown that this is significantly enhanced through a 

communication-based process, facilitated by consumer engagement and interactions. 

Depending on context, there might be different underlying mechanisms to this proposed effect: 

2.4.1 Objectivity and Neutrality 

One strand of research highlights perceived objectivity and neutrality, focusing on system-

based trust. A key reason people trust AI over human assistants is the perceived lack of 

persuasion intent (Lee & Cha, 2025), leading AI to be perceived as more neutral and objective 

(Chacon et al., 2025), thereby avoiding PKM activation. Algorithms are viewed as unbiased 

data processors that base decisions on objective mathematical rules and not on subjective 

influences, directly impacting the promoter score (Chacon et al., 2025). 

Aoki and Matsui (2025) compare firms, influencers and algorithms as information sources and 

similarly demonstrate that algorithms enhance purchase intention, even when trust in the 

message itself is not high, simply because algorithms are perceived as more objective and less 

commercial than traditional influencers. They show that purchase intention is driven by the 

perceived objectivity of the algorithmic source itself, rather than message content. 

Consequently, the mere presence of an algorithmic recommendation can even substitute 

influencers. The authors explain this by an increasing influencer overload and skepticism 

towards advertising, whereas algorithms are perceived as unbiased and non-commercial. 

In the context of this research, perceived objectivity might be a lever to mitigate consumers’ 

persuasion knowledge. Because consumers do not attribute conscious manipulative intent to 

the algorithm, persuasion knowledge is not triggered as much or at all. Consequently, when an 

unfamiliar product appears in the feed, this is not perceived as intrusive advertising, but rather 

as an objective, data-driven recommendation. This lack of skepticism breaks down the 

psychological barrier, enabling a seamless transfer of trust from the supposedly neutral platform 

to the recommended brand. 



9 
 

2.4.2 Competence and Expertise 

Another area of research emphasizes the perceived competence and expertise of such systems. 

Literature suggests that consumers trust algorithmically discovered brands because they 

perceive the system and its recommendations as efficient, logic-driven and reliable (Deryl et 

al., 2023; Lee & Cha, 2025). Deryl et al. (2023) provide an integrated framework based on 

several theories that consistently shows trust is built through the AI interaction and is then 

transferred to the brand. Studies on the word-of-machine effect also found that consumers 

attribute AI systems superior competence in processing complex data (Longoni & Cian, 2022). 

An algorithm that learns from user behavior is perceived as a highly competent expert, superior 

to human recommenders (Reich et al., 2023). Other studies further highlight the relevance of 

the recommendation’s accuracy as key to trust building (Almahmood & Tekerek, 2022). 

Moreover, Banker and Khetani (2019) reveal that when consumers perceive an algorithm as 

more knowledgeable than themselves, they trust its recommendations more. This can even lead 

them to select objectively inferior options simply because they were algorithmically 

recommended. The authors call this algorithm overdependence, referring to situations where 

consumers overly rely on assistance during decision fatigue and limited attention, when trying 

to save energy, a state common on social media. 

Importantly, research also mentions transparency as a component of competence (Gao & Liu, 

2023). Vorm and Combs (2022) demonstrate through their Intelligent Systems Technology 

Acceptance Model that trust is first developed towards technology and then transferred to the 

brand. Contrary to the concept of serendipity, this model assumes that when recommendations 

appear by chance, trust might be lower. Furthermore, Lee and Cha (2025) similarly propose 

that trust in AI is knowledge-based, where functionality and helpfulness reduce distrust and 

mistrust, leading to transparency. Complementary Erkan and Evans’ (2016) Information 

Acceptance Model proposes that information adoption depends on source quality, credibility 

and usefulness. Algorithms fulfill these criteria by presenting highly relevant, personalized 

content, helping consumers navigate information overload by acting as filters and orientation 

for trends and products. Furthermore, driven by the word-of-machine effect, AI 

recommendations are increasingly replacing human sources to function as independent agents 

of influence (Aoki & Matsui, 2025; Longoni & Cian, 2022). Through algorithmic amplification, 

these systems can even surpass the impact of conventional word-of-mouth (Aral & Walker, 

2014). Moreover, Reich et al. (2023) show that perceiving an algorithm as a learning system 
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directly increases trust and drives choice, suggesting that dynamic recommendations lower the 

barrier to spontaneous purchase intention. 

For this work, especially regarding the low-involvement context, cognitive relief plays a central 

role. Since consumers do not want to invest time in extensive information search for everyday 

goods, they unconsciously delegate the decision to the algorithm (Puntoni et al., 2021). Because 

the platform algorithm is perceived as highly competent and accurate through continuous 

learning, its recommendation serves as a strong heuristic quality signal. Consumers transfer 

their trust in the platform’s competence directly to the brand, minimizing the perceived risk of 

a bad purchase and legitimizing impulse purchases of  previously unknown FMCG brands. 

2.4.3 Personalization and Hyper-Relevance 

An additional perspective is the predictive efficacy and ability of such systems to create hyper-

relevance through personalization (Darmody & Zwick, 2020). As mentioned in Campolo and 

Crawford’s (2020) enchanted determinism, the predictive accuracy of deep learning systems 

often creates a magical perception that displaces the need for scientific understanding. This 

mystification, in turn, leads to high appreciation. Modern systems not only filter content but 

also create a reality tailored to the individual consumer through algorithmic personalization 

(Darmody & Zwick, 2020; Gao & Liu, 2023). Studies show that consumers often perceive a 

high degree of personalization as extremely valuable because it provides adaptive responses to 

articulated needs (Meng & Xiao, 2026). Furthermore, Cho et al. (2020) explain that algorithms 

are designed to work with human tendencies, especially the desire for consistency and 

confirmation, as people feel more comfortable with information that supports their existing 

opinions. This supports the idea that people are more likely to trust a discovery that fits 

seamlessly into their existing consumption patterns. Although this deep data collection can 

theoretically raise privacy concerns, consumers are often willing to overlook them in favor of 

convenience, quick results and extreme relevance, especially during the first stages of their 

customer journey (Hardcastle et al., 2025). 

In conclusion, this means that in passive brand discovery, perceived hyper-personalization leads 

to a strong emotional effect (Chacon et al., 2025; Hardcastle et al., 2025; Kim et al., 2021). 

When a consumer, while passively scrolling, unexpectedly encounters a FMCG product that 

perfectly matches their lifestyle or needs, this is experienceed as highly rewarding (Chacon et 

al., 2025). The unexpected relevance strengthens trust in the system. Here trust is transferred 

because the algorithm seems to understand the user’s personal preferences. 
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Even though the three strands have been presented individually here, the trust-building process 

is likely an interplay of the different components. Trust transfer in passive discovery functions 

through perceived neutrality and objectivity in the selection of presented content, while 

simultaneously demonstrating competence in displaying relevant content to the user and thus 

creating personal relevance at a hyper-contextual level. 

2.4.4 Algorithm Appreciation versus Aversion 

Despite the discussed drivers, trust formation is subject to a critical tension. While consumers 

value efficiency and lower search costs, hyper-personalization, on the other hand, carries 

significant ethical and psychological risks. Personalization that is too precise or aggressive can 

be perceived as surveillance, causing psychological reactance. The feeling of being spied on 

undermines trust when the process is perceived as invasive or non-transparent (Puntoni et al., 

2021). 

Banker and Khetani (2019) further warn that algorithm appreciation can turn into algorithm 

overdependence and loss of autonomy, in which consumers blindly and uncritically accept 

objectively inferior recommendations, simply because they come from the algorithm.  

Since algorithms continuously learn based on past behavior, they gradually narrow the 

consumer’s field of vision and reinforce existing patterns, reducing diversity and creating filter 

bubbles (Airoldi & Rokka, 2022; Hardcastle et al., 2025). 

Additionally, the more precise and hyper-relevant the recommendations become, the more 

privacy concerns emerge. When consumers realize that the supposedly magical fit is based on 

comprehensive data surveillance, personalization can quickly be perceived as a threat (Chen et 

al., 2024). Voorveld et al. (2024) identify a growing group of consumers suffering from so-

called privacy fatigue in this context. They are highly aware of the massive data collection and 

algorithmic mediation but feel powerless and exhausted because they see no way to escape it. 

As consumers become increasingly informed and proactive about their privacy (Necula & 

Păvăloaia, 2023), trust in an algorithmically discovered brand is not solely based on the 

algorithm itself, but on its perceived balance between relevance and intrusion. 

For passive brand discovery of FMCG products, this section highlights a critical trade-off: the 

algorithm must appear sufficiently personalized and competent to provide cognitive relief and 

activate trust transfer. However, if the targeting crosses the threshold of perceived intrusiveness 

or noticeably pushes the user into filter bubbles, perception shifts to algorithm aversion and 

privacy fatigue. In this case, trust transfer to the discovered brand is potentially blocked by the 
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consumer’s defensive coping behavior. This demonstrates the responsibility of marketing and 

brand managers when utilizing modern digital opportunities.  

2.5 Brand Trust, Brand Equity and Purchase Intention 

As shown, algorithmic discovery might build trust via a trust transfer process, but this is only 

the first step to building persistent competitive advantage. This is where Keller’s Customer-

Based Brand Equity (CBBE) comes into play. Keller (1993) defines brand equity as the 

differential effect that brand knowledge has on consumer responses to a brand's marketing. This 

effect is driven by brand familiarity and favorable, strong, and unique brand associations. Under 

Keller’s (1993) associative network memory model, brand knowledge is composed of brand 

awareness (recall and recognition) and brand image (the set of associations linked to the brand 

node). The process of building those associations is now increasingly mediated by algorithms 

that determine the sets of branded messages presented to consumers (Voorveld et al., 2024). In 

the context of passive algorithmic discovery, the mere visibility of a product in a customized 

feed rapidly establishes brand awareness, while the transferred trust, stemming from the 

algorithm’s perceived value, functions as favorable brand association constituting the brand 

image (Erdem & Swait, 2004; Keller, 1993). Varsha et al. (2021) link AI systems to Keller’s 

model, proposing that they strengthen brand identity by fostering active engagement through 

new digital interactions. This leads to a shift in brand management from purchasing mere 

exposure to fostering active engagement (Araujo et al., 2020). Recent research supports this 

idea, showing that interacting with brands online sparks consumer interest and emotion, quickly 

building brand trust and a positive attitude, which are the main building blocks of brand equity 

(Fan et al., 2025). Majeed et al. (2021) further explore the mediating role of brand equity on 

social media activities and purchase intention and show that information sharing and reward 

mechanisms positively impact those measures. This reinforces the notion that algorithmic 

mediation contributes to customer retention and loyalty (Almahmood & Tekerek, 2022). 

In summary, these studies demonstrate that brand equity theory remains highly relevant in 

digital environments, especially on social media and that it has a significant impact on purchase 

intention in this context (Al-Abdallah et al., 2025; Majeed et al., 2021). While trust has often 

been considered in relation to the algorithm or technology, this work examines trust-building 

towards the brand as a representation of long-term brand equity. Brand trust serves as the central 

mechanism translating algorithm-induced positive affect into purchase intention. For FMCG 

products, the interplay of perceived objectivity, reduced search costs and social validation 
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ensures that system-based trust transfers directly into behavioral intent, lowering the mental 

barrier to purchase (Chacon et al., 2025; Erdem & Swait, 2004; Huang et al., 2025). This is 

supported by Majeed et al. (2021), who demonstrate that algorithmic discovery on social media 

only converts to purchase when it successfully builds trust in brand quality and strengthens 

positive brand associations. Consequently, this underscores the importance of examining brand 

trust as the critical mediator between algorithmic discovery and purchase intention. 

2.6 Conceptual Framework and Hypotheses Development 

Based on the discussed foundations, this study proposes a conceptual model that explains how 

algorithmic discovery influences brand perceptions and consumer behavior in the FMCG 

sector. As the effect of algorithmic attribution on brand trust in this context is a rather novel 

area of inquiry, a direct effect is tested first, followed by examining brand trust as a mediator, 

ensuring the foundational relationship is established before investigating deeper mechanisms. 

The rise of algorithmic discovery in digital environments has fundamentally altered consumer 

decision processes, as the underlying algorithmic mediation acts as a powerful quality signal 

for brands. As established through signaling theory and trust transfer, algorithmic attribution 

serves as a signal for brands in digital ecosystems. This is because RS are increasingly perceived 

as objective, data-driven and less commercially biased than traditional advertising or human 

influencers (Aoki & Matsui, 2025; Chacon et al., 2025). By appearing as neutral gatekeepers 

that utilize superior computational competence and systematic decision logic to filter relevant 

information, algorithms reduce the consumer’s perceived uncertainty and search costs (Banker 

& Khetani, 2019). When a brand is discovered through social media feeds, the 

recommendation’s systemic credibility acts as a proxy for the unknown brand’s trustworthiness 

(Beck et al., 2023). Thus, the mere attribution of the algorithmic recommendation based on 

personal preferences and interests to a brand should enhance its perceived credibility compared 

to a brand presented without algorithmic attribution. Therefore, it is hypothesized: 

H1: Brands presented as algorithmically recommended generate higher brand trust than   

brands presented without algorithmic attribution. 

The relationship between consumers’ perception and their actual behavior is fundamentally 

shaped by trust. In marketing literature, brand trust is consistently shown to reduce perceived 

risk and increase purchase intent, particularly in environments characterized by information 

overload (Majeed et al., 2021). Brand trust serves as a core component of CBBE, translating 
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favorable associations into behavioral responses (Keller, 1993). In the context of algorithmic 

discovery, the initial trust formed toward the system and its recommendation is transferred to 

the brand, which in turn acts as the primary driver for consumers’ willingness to buy. Thus, 

brand trust is expected to be the central mechanism through which algorithmic 

recommendations exert their influence: 

H2: Brand trust positively influences purchase intention. 

H3: Brand trust mediates the relationship between algorithmic recommendation and 

purchase intention. 

The strength of these effects is likely dependent on the level of consumers’ involvement. 

According to ELM, low-involvement decisions, typical for FMCG, are characterized by limited 

cognitive effort and a high reliance on peripheral cues and heuristics (Drossos et al., 2014). For 

low-involvement products, algorithmic recommendations act as cognitive shortcuts, providing 

a signal without requiring extensive information search. Conversely, high-involvement 

consumers are more likely to engage in systematic processing, potentially activating higher 

levels of skepticism or requiring more than a mere algorithmic cue to establish trust. Therefore, 

the impact of algorithmic mediation should be more pronounced when consumers seek 

cognitive relief in low-involvement situations: 

H4: Category involvement moderates the effect of algorithmic recommendation on 

brand trust, such that the effect is stronger for low-involvement consumers. 

Figure 1: Conceptual Model  

 

Source: Own creation 
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3 Methodology 

3.1 Research Approach 

Following the experimental approach established in recent algorithmic recommendation 

research (Chacon et al., 2025; Dong et al., 2024), this study employs a quantitative research 

design and an online experimental survey to empirically examine the hypotheses. This 

combines the advantages of causal testing with a broad reach and standardized measurement. 

The research is deductive and uses a between-subjects design to compare an experimental group 

with a neutral control group. This allows for a realistic simulation of the social media 

environment, which increases external validity compared to a laboratory setting.  

3.2 Data Collection 

3.2.1 Context, Sample and Data 

While AI-driven RS have been extensively studied in e-commerce settings, this study focuses 

on social media, where passive brand discovery is increasingly shaped by algorithmic curation 

(Beck et al., 2023; Voorveld et al., 2024). Within social media, Instagram was chosen as the 

specific research context. Instagram is a highly visual platform that relies heavily on algorithmic 

recommendations (e.g. explore feeds or reels) and is particularly used by younger target groups 

for discovering lifestyle and products (Geyik & Weijo, 2025; Huang et al., 2025). Furthermore, 

Instagram’s seamless integration of user-generated content, influencer posts and 

algorithmically curated feeds realistically depicts the phenomenon of passive brand discovery 

(Geyik & Weijo, 2025). To ensure contextual relevance, participants who reported no Instagram 

usage were screened out of the study. 

The study relied on primary data and followed a scenario-based approach (Chacon et al., 2025; 

Dong et al., 2024). It was conducted using the platform Qualtrics and data was gathered from 

March 19 to March 30, 2026. For data collection, non-probability sampling was employed, 

combining convenience and self-selection sampling (Saunders et al., 2009). This approach is 

highly efficient for reaching the target group of active social media users. The survey link was 

distributed through the researcher’s professional and social networks, allowing for voluntary 

participation within an easily accessible sampling frame. Furthermore, this approach aligns with 

current methodological standards in research on AI-based RS. Recent comprehensive reviews 

by Masciari et al. (2024) show that surveys and online social networks are the predominant data 

sources for investigating user responses to algorithmic recommendations. While this sampling 

strategy allowed for efficient data collection and ensured participants were familiar with the 
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digital environment, it entails certain limitations. Specifically, it limits the generalizability of 

findings, as the self-selected sample does not represent the full diversity of the total Instagram 

user base. However, given that a complete sampling frame of all Instagram users is practically 

unavailable, this method remains a justified choice and widely adopted approach for research 

(e.g. Dong et al., 2024) for the scope of this research. 

3.2.2 Variable Measurement and Operationalization 

To quantify the constructs, the survey used 7-point Likert scales (1 = strongly disagree, 7 = 

strongly agree). Relevant variables such as brand trust, brand equity and purchase intention, as 

well as exploratory variables like perceived objectivity, perceived competence, perceived 

personalization and perceived serendipity, algorithm skepticism, privacy concerns, category 

involvement and product perception, were tested. Moreover, control variables such as category 

usage and liking, perceived realism, tech savviness and demographics were included. The order 

of the items within the questions was randomized to avoid order bias. 

The measurement of brand trust was adapted from Chaudhuri and Holbrook (2001), which has 

been validated in digital environments (Liu et al., 2018). The construct consisted of four items 

adapted to fit this study’s setting, including, for example, “I trust this brand” or “This brand 

seems reliable”. This construct is highly reliable, with original studies reporting a Cronbach’s 

Alpha3 (α) of .81 for their items. 

To measure overall brand perception and strength, a 2-item brand equity scale was used. The 

conceptualization was based on measurements by Yoo and Donthu (2001), capturing the 

dimensions of perceived quality and brand associations. The scale was reduced to two items to 

ensure a clear distinction of the brand trust construct and to minimize respondent fatigue. It 

included, for instance, “This brand has a good reputation”. The original measurement 

demonstrated strong internal consistency, with α = .79-.93 for the constructs.  

Purchase intention was measured using a 3-item scale adapted from Drossos et al. (2014), 

capturing the willingness to try and purchase a specific brand. To ensure the scale fits the digital 

context, this study’s scale was further inspired by the online-shopping framework of Dash et al. 

(2021) and Xu et al. (2023). The items were slightly adapted, including, for example, “I would 

consider buying this product”. Drossos et al. (2014) reported α = .93, while Dash et al. (2021) 

demonstrated a similarly strong measure of α = .88. 

 
3 This is a measure of internal consistency, indicating the degree to which items within a scale measure the same 

construct. Values range from 0 to 1, with higher values reflecting greater reliability (e.g. Peterson, 1994)  
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Category Involvement captures the perceived personal relevance of the product category. It was 

operationalized based on the framework by Zaichkowsky (1994) and its application in digital 

contexts by Drossos et al. (2014). Items included, for instance, “Products in this category are 

important to me”. This construct is well-validated and highly reliable, with an original α =.88. 

The following table summarizes the model’s operationalization. More details on the scales of 

the additional variables can be found in Appendix 1. 

Table 1: Operational Model Summary 
Role Variable Items Scale Based on: Original α4 

IV Algorithmic Mediation na na na na 

DV Purchase Intention 3 7p Likert Drossos et al. (2014); Dash et al. (2021); 

Xu et al. (2023) 

.93 

Mediator Brand Trust 4 7p Likert Chaudhuri & Holbrook (2001) .81 

Exploratory Brand Equity 2 7p Likert Yoo & Donthu (2001) .79-.93 

Exploratory Perceived Objectivity 3 7p Likert Chacon et al. (2025) - 

Exploratory Perceived Competence 3 7p Likert Longoni & Cian (2022); Chaiken (1980) .89 

Exploratory Perceived Personalization 3 7p Likert Baek & Morimoto (2012) .89 

Exploratory Perceived Serendipity 2 7p Likert Kim et al. (2021) .83 

Dispositional Algorithmic Skepticism 3 7p Likert Voorveld et al. (2024) >.80 

Dispositional Privacy Concern 3 7p Likert Kruikemeier et al. (2020) .92 

Dispositional Tech Savviness 2 7p Likert Küper and Krämer (2025) .81-.85 

Moderator Category Involvement 4 7p Likert Zaichkowsky (1994); Drossos et al. (2014) .88 

Source: Own creation based on literature 

3.3 Stimuli Design and Manipulation 

A fictional snack bar was chosen as stimulus for its nature as a classical low-involvement 

product where consumers rely on peripheral cues rather than in-depth processing, making it 

ideal for measuring impulsive purchase intentions in digital settings (Drossos et al., 2014; 

Huang et al., 2025). The stimulus was created using the AI tool Gemini to mimic a realistic 

Instagram post, presented within a standard mobile interface mockup. Since it was newly 

designed, any distortion due to prior brand familiarity could be ruled out. The post featured an 

image suggesting a genuine consumption moment from a fictional user named "alex.meyer". 

The caption was kept neutral and brief  ("needed a small break today") and was consistently 

presented across all conditions to isolate the effect of the experimental manipulation. To ensure 

the stimulus was perceived as realistic, three iterative pretests were conducted (n = 5 - 11). The 

 
4 Original α applies to the full multidimensional scales 
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pretests confirmed the stimulus was perceived as authentic and realistic while not being seen as 

overly promotional, distinguishing it from typicali sponsored advertising. Furthermore, a 

manipulation check was included in the final survey. The experimental manipulation was 

implemented through the descriptive text introducing the post, defining the source of the 

recommendation. The study thereby manipulates algorithmic attribution and salience to isolate 

its signaling effect. For the algorithmic mediated group, the stimulus was presented as " Imagine 

you’re scrolling through your personal Instagram feed. You see the following post, which has 

been selected for you based on your interests, preferences and past activity” and for the control 

group as “Imagine you’re scrolling through Instagram. You see the following post.”. 

3.4 Questionnaire Design 

Next, the full questionnaire (see Appendices 2 and 3) was tested on a small sample (n = 3), to 

ensure it was understandable and that its length and technical feasibility were optimal. The final 

survey was designed in a structured block design. First, participants were introduced to the 

academic purpose of the research and asked for consent. Second, social media usage was tested 

as screening question. This was followed by the stimulus, where participants were shown the 

same stimulus and randomly assigned to the algorithm or neutral control group. Next, the 

manipulation was checked and then the main variables and explorative variables were tested on 

7-point Likert scales. Moreover, control variables, such as category usage and tech savviness, 

as well as demographics, were tested. Furthermore, an attention check was included to ensure 

data quality.  

3.5 Data Analysis 

The analysis was conducted using IBM SPSS. For hypothesis testing, the construct scales were 

tested for internal consistency using α and then combined into mean indices. Hypothesis testing 

was done using independent-samples t-tests to identify significant differences between the 

experimental and control group. Regression models, including PROCESS macro, were used to 

examine mediation and moderation effects. 
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4 Findings 

The analysis followed a structured process, starting with sample description and data cleaning 

procedures, and subsequently assessing the reliability of the measurement scales. Finally, the 

results of the hypothesis testing are reported. 

4.1 Sample Description and Data Preparation 

The final survey yielded a total of N = 113 respondents. First, the data was cleaned to ensure 

quality; all datasets that did not pass the screening and attention check, as well as incomplete 

datasets, were excluded. Second, respondents who stated to never use the category were 

excluded to ensure responses did not reflect a general rejection of the category. A cleaned 

sample of 89 respondents was retained for statistical analysis. The sample consisted of 70% 

female, 29% male participants and 1% preferred not to indicate their gender. The mean age was 

M = 26.47 years (SD = 5.84), ranging from 14 to 57 years. The majority of respondents held a 

bachelor’s (40%) or master’s degree (27%) and Instagram usage was mainly daily (85%). 

Table 2: Descriptive Statistics 
  Total Sample Algorithmic Goup Control Group 

Characteristic Category n % n % n % 

Gender Female 62 70 27 61 35 78 
 

Male 26 29 17 39 9 20 

 Prefer not to say 1 1 0 0 1 2 

Age Mean (SD) 26.47 (5.84) 26.89 (5.75) 26.07 (5.96) 

 Range 14-57 - 15-51 - 14-57 - 

Education High school 9 10 2 5 7 16 

 Bachelor 36 40 20 46 16 36 

 Masters 24 27 13 30 11 24 

 Doctorate 1 1 0 0 1 2 

 Other 19 21 9 21 10 22 

Instagram Usage Less than once a month 5 6 2 5 3 7 

 A few times a month 2 2 2 5 0 0 

 A few times a week 6 7 3 7 3 7 

 Daily 76 85 37 84 39 87 

Source: Own creation based on survey data 

As illustrated in Table 2, a comparison between the experimental groups reveals mostly 

comparable distributions across demographics, except for gender, where the algorithmic group 
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had a higher proportion of male participants (39 % vs. 20 %). Age and Instagram usage were 

closely matched across conditions. For detailed descriptive statistics, please see Appendix 4. 

4.2 Factor Analysis and Reliability 

To assess factorial and discriminant validity of the measurement scales, an exploratory factor 

analysis with varimax rotation was performed. The prerequisites were met with a Kaiser-

Meyer-Olkin (KMO) coefficient of .89 and a significant Bartlett test (p < .001). The analysis 

yielded five factors explaining 78.33 % of the total variance. While constructs were generally 

distinct, two cases of conceptual overlap were found. Brand trust and brand equity items loaded 

on a shared factor, as did personalization and serendipity. Despite this statistical overlap, the 

constructs were retained as separate constructs, given their theoretical distinctiveness and to 

allow for a more granular analysis of their effects. Notably, the item “The recommendation 

seems data-driven” loaded primarily on competence instead of the objectivity factor, suggesting 

that respondents associate this characteristic with technical performance rather than ethical 

neutrality. A detailed table of the factor loadings is provided in Appendix 5. 

Next, internal consistency of the multi-item scales was evaluated using α, with value above .70 

generally considered acceptable (Peterson, 1994). Almost all constructs directly demonstrated 

high reliability, with coefficients ranging from α = .74 - .93. The only exception was the initial 

scale for perceived objectivity (α = .61). However, after the exclusion of one inconsistent item, 

reliability improved to α = .82. This aligns with the results of the factor analysis that revealed 

this item loaded on competence instead of objectivity.  

Table 3: Reliability Analysis 
Variable Mean SD Min Max α (this study) 

Brand Trust 4.14 1.39 1.00 7.00 .93 

Brand Equity 4.27 1.28 1.00 7.00 .80 

Purchase Intention 3.93 1.48 1.00 7.00 .92 

Perceived Objectivity 3.58 1.40 1.00 7.00 .82 

Perceived Competence 3.46 1.44 1.00 7.00 .89 

Perceived Personalization 3.49 1.52 1.00 7.00 .91 

Perceived Serendipity 3.04 1.45 1.00 7.00 .74 

Algorithmic Skepticism 4.59 1.30 1.00 7.00 .74 

Privacy Concern 5.14 1.43 2.00 7.00 .86 

Category Involvement 3.55 1.50 1.00 7.00 .88 

Source: Own creation based on survey data 
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The results of the reliability analysis are summarized in Table 3. For more details on the item-

total statistics and the exclusion process, please see Appendix 6.  

4.3 Manipulation Check 

The manipulation check was analyzed using an independent-samples t-test to determine 

whether respondents in the algorithmic group perceived the seen post as significantly more 

algorithmically attributed than the neutral condition. The test revealed that the stimulus did not 

create a significant difference in perceived algorithmic attribution between the two assigned 

groups (MAlgorithmic = 4.70; MMeutral = 4.80, p = .784), indicating that the experimental 

manipulation was not successful (for more details, please see Appendix 7). To investigate the 

mechanisms of brand trust despite this result, a post-hoc regrouping based on individual 

algorithmic perception was conducted. 

4.4 Correlation Analysis 

A bivariate correlation analysis was conducted to examine general correlations between the 

variables. The results support the theoretically suggested relationships, indicating that 

consumers who perceive a recommendation as objective or a pleasant surprise tend to report 

higher brand trust, which in turn is positively associated with purchase intention. For the full 

correlation table, please refer to Appendix 8. 

Brand trust showed highly significant positive correlations with almost all perception variables 

(p < .001). The highest correlation appeared between brand trust and brand equity (r = .78, p < 

.001), followed by serendipity (r = .55, p < .001), personalization (r = .50, p < .001), competence 

(r = .48, p < .001) and objectivity (r = .47, p < .001), demonstrating that brand trust is strongly 

associated with how consumers perceive the quality and relevance of recommendations.  

Furthermore, for purchase intention, high, significant correlations were found for the core 

variables. There was a strong correlation between brand trust and purchase intention (r = .66, p 

< .001) and between category involvement and purchase intention (r = .42, p < .001). These 

results underscore the relevance of brand trust as a foundation of consumer behavior, as lower 

levels of trust are associated with lower purchase intention. 

Notably, privacy concerns did not show significant correlations with brand trust or purchase 

intention (p > .05), suggesting that data privacy worries alone were not meaningfully associated 

with algorithmic trust formation in this context. Furthermore, a strong positive association was 

found between category involvement and perceived personalization (r = .63, p < .001), 

indicating that highly involved consumers tend to be more sensitive to the tailored nature of the 
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recommendations. Algorithm skepticism showed significant negative correlations to 

personalization (r = -.25, p = .017) and serendipity (r = -.23, p = .034), indicating that people 

with a skeptical attitude towards algorithms tend to perceive personalization more negatively. 

Furthermore, tech savviness remained largely uncorrelated with the core constructs, suggesting 

that expertise does not inherently change the general trust-building process. 

Importantly, the experimental condition did not have significant correlations to any variables, 

suggesting there is no linear association between the algorithm cue and the other measures. 

4.5 Post-hoc Regrouping 

As the manipulation check revealed no significant differences between the experimental 

conditions in response to the stimulus, the analysis could not be conducted using the 

randomized groups. To nevertheless investigate the proposed relationships, the analysis 

followed an exploratory approach regrouping the sample based on the perceived intensity of 

the algorithmic attribution using a median split on the manipulation check variable. This allows 

for a more accurate assessment of how the perceived (rather than intended) algorithmic 

attribution of the post relates to brand trust and other variables. This method yielded a low and 

a high-perception group and builds the base for further explorative analysis. 

4.6 Hypothesis Testing 

Following the regrouping, an independent-samples t-test was conducted to examine H1, 

comparing the new groups on their brand trust evaluations. It revealed no significant differences 

between respondents with low (Mlow = 4.30, SD = 1.20) and high algorithm perception (Mhigh = 

3.85, SD = 1.45) (p = .153) and thus no support for H1 was found. The mere knowledge or 

perception of the recommendations algorithmic attribution did not lead to higher brand trust in 

this setting.  

For H2, a linear regression analysis was used to test the effect of brand trust on purchase 

intention. The analysis revealed supporting evidence for H2 as brand trust was found as strong 

driver of purchase intention (R2 = .43, F(1,87) = 66.93, p < .001, β = .66).  

Additionally, a two-block hierarchical regression was used to examine if the central path from 

brand trust to purchase intention remains stable when controlling for involvement, category 

liking and perceived competence, which showed the highest correlations with purchase 

intention in the correlation analysis. The baseline model explained 31.8 % of the variance in 

purchase intention (R² = .32, F(3,85) = 13.21, p < .001). When adding brand trust, the model fit 
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improved, explaining an additional 19.6 % of the variance (ΔR² = .20, F(1,84) = 33.89, p < 

.001), showing that brand trust has incremental explanatory power apart from involvement or 

liking of the category. Most importantly, brand trust emerged as the strongest predictor in the 

model (β = .52, p < .001). Notably, perceived competence was significant in model 1 (p < .001), 

but when including brand trust, it lost its significance (p = .104), indicating a potential mediating 

role. 

Hypothesis H3 predicted that brand trust would mediate the relationship between the 

algorithmic attribution and purchase intention. The mediation analysis (PROCESS Model 4) 

revealed that the indirect effect of the algorithm cue on purchase intention via brand trust was 

not significant (ab = -.32, 95 % BCa CI [-.76, .12]), as the confidence interval includes zero. 

The direct effect was similarly not significant (B = .20, p = .421). Therefore, H3 was not 

supported.  

Regarding H4, a regression analysis with interaction terms (PROCESS Model 1) was used to 

examine if product involvement moderates the relationship between algorithm attribution and 

brand trust while controlling for algorithm skepticism. Although the overall model was 

significant (R2 = .13, F(4, 84) = 3.09, p = .020), the result was based on a direct effect. 

Involvement acts as a direct predictor of trust (B = .24, SE = .10, p = .016) but does not enhance 

the effect of algorithm perception. The interaction term was not significant (p = .702). Thus, 

contrary to hypothesized consumers with lower involvement did not react more strongly to 

algorithmic cues than those with higher involvement. Involvement acts as a driver of brand trust 

but does not change the effect of the algorithm cue. Consequently, H4 is not supported. 

For more details and statistics of all hypothesis testing, please refer to Appendix 9. 

Table 4: Statistical Tests and Results 
Hypothesis Statistical test Results 

H1: Brands presented as algorithmically 

recommended generate higher brand trust than 

brands presented without algorithmic attribution. 

Independent-Samples 

T-Test 
Not supported 

H2: Brand trust positively influences purchase 

intention. 
Linear Regression Supported 

H3: Brand trust mediates the relationship between 

algorithmic recommendation and purchase intention. 

 Hayes’ PROCESS 

macro (Model 4) 

Not supported (direct 

hypothesis), but supported in 

exploratory path analysis 

H4: Category involvement moderates the effect of 

algorithmic recommendation on brand trust, such 

that the effect is stronger for low-involvement 

consumers. 

 Hayes’ PROCESS 

macro (Model 1) 
Not supported 

Source: Own creation based on survey data 
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4.7 Further Exploratory Analyses 

To gain further understanding of the mechanisms of algorithmic recommendations, especially 

in the light of the non-significant hypotheses, analyses beyond the original hypothesis testing 

were conducted (for details see Appendix 10). These examine the relative strengths of the 

quality attributes, as well as the mediating and moderating influences of control variables and 

individual user characteristics. 

In a multiple linear regression, all four dimensions of algorithmic quality (objectivity, 

competence, personalization, serendipity) were included simultaneously as predictors of brand 

trust (R2 = .38, F(4,84) = 14.28, p < .001). The results indicated that serendipity (β = .33, p = 

.003) most strongly predicts of brand trust, with perceived objectivity (β = .21, p = .049)also 

playing a notable roleu. Competence (β = .12, p = .322) and personalization (β = .15, p = .194) 

were not significant when all factors were included in a single model. An explorative path 

analysis (PROCESS Model 4) confirmed these results and extended them. The second step of 

the model revealed that brand trust in turn drives purchase intention (β = .51, p < .001) and the 

test for indirect effects confirmed full mediation. The algorithm did not lead to purchase 

intention solely through its quality dimensions, but only through an increase in brand trust (ab 

= .16, 95 % BCa CI [.04, .31]). As the confidence interval does not include zero, this indirect 

effect is robust. 

Additionally, further analysis (PROCESS Model 1) examined how individual factors 

potentially moderate moderate the effect of perceived algorithmic attribution on brand trust. 

Regarding general privacy concerns, the analysis showed a marginally significant interaction 

trend (ΔR² = .04, p = .063), while the overall model was not significant (p = .134). A detailed 

analysis showed that for respondents with high privacy concerns, a higher algorithmic 

perception was associated with lower brand trust (β = -1.19, p = .019), while for respondents 

with low concerns, there was no effect.  

A similar analysis for tech savviness revealed a significant interaction (ΔR² = .06, p = .024). 

While for low tech savviness the effect of algorithmic perception on brand trust was 

insignificant, for high tech savviness there was a significant negative effect (β = -1.36, p = 

.008). 
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5 Discussion 

The findings of this research provide insights into the mechanisms through which algorithmic 

recommendations on Instagram shape consumer behavior. While the explicit algorithm 

attribution did not have a direct influence on brand trust, the findings reveal mechanisms driven 

by perceived quality and individual characteristics. In the following, those aspects will be 

interpreted and discussed considering current literature. 

5.1 The Effect of Algorithmic Attribution on Brand Trust 

The manipulation check confirmed that the explicit label did not lead respondents to perceive 

the post as more algorithmically mediated compared to the control group, resulting in a failed 

manipulation. Furthermore, even when regrouping participants based on their actual perceived 

algorithmic attribution, no significant direct effect on brand trust was found, suggesting that 

algorithmic perception alone is insufficient to drive trust formation. Instead, trust appears to be 

shaped by the qualitative perception of the recommendation itself, as evidenced by the 

significant mediating roles of serendipity and objectivity identified in the subsequent 

exploratory analysis. Regarding the manipulation check, individual characteristics offer a 

compelling explanation for these results (Barbosa & De Oliveira, 2026; Lee & Cha, 2025). As 

Lee and Cha (2025) explain, transparency might not always be beneficial for trust building, 

depending on the cognitive abilities of the user. As this sample consisted mainly of daily users, 

they likely possess high baseline awareness of algorithmic curation regardless of explicit cues. 

This is confirmed by the results of the manipulation check question (“The post seemed to be 

recommended by the platform’s algorithm”), where 57.4% of all respondents stated agreement 

above the neutral point. As highlighted by Kozyreva et al. (2021), nowadays most consumers 

know what AI is and understand that is is used in digital environments for advertisements and 

recommendations. Based on this, the signal of the recommendation source used in this study 

was not sufficient to deliver new information and manipulate users’ already high awareness of 

algorithm mediation further. The authors also suggest that the omnipresence of algorithmic 

recommendations has led to a saturation effect, where trust might no longer be meaningfully 

enhanced by algorithmic mediation alone, as it has become an expected rather than exceptional 

feature of digital environments. This is further reinforced by Balaskas et al. (2025), emphasizing 

algorithm fatigue, where especially young consumers are overloaded with personalized feeds, 

therefore they would not cognitively process a label or just not view it as relevant towards 

building brand trust. Interestingly, this finding contradicts much of the current research. 
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Literature emphasizes the high importance of transparency as a prerequisite for trust, since a 

lack of explainability and transparency generates mistrust (Hardcastle et al., 2025; Vorm & 

Combs, 2022). This study’s results however, indicate explicit labels may paradoxically activate 

persuasion knowledge, heightening consumers’ awareness of the post’s commercial intent and 

evoking skepticism rather than trust (Kong & Lou, 2026). It might also trigger more concerns 

about privacy, diminishing the positive effects of the transparency (Chen et al., 2024). 

Therefore, the findings position high algorithm literacy as a boundary condition of 

transparency-based trust literature. Explicit algorithmic attribution and labeling may only be 

effective in contexts where users lack baseline awareness of algorithmic curation, a condition 

increasingly unlikely among heavy social media users. 

Beyond this activation of persuasion knowledge, Leung et al. (2018) suggest that explicit 

labeling may trigger resistance if the discovery of a brand is tied to the user’s identity motives. 

In identity-relevant contexts, consumers have a strong desire to attribute successful outcomes, 

like finding a unique brand, to their own personal taste or effort rather than to an automated 

process. This process of internal attribution provides diagnostic utility, signaling to the user that 

they are a person with expertise or good taste. Explicitly labeling a recommendation as 

algorithmic may therefore hinder this attribution and reduce the self-signaling utility of the 

experience. For highly engaged users, such as those in this sample, the algorithmically driven 

discovery might even be perceived as a threat to their autonomy and sense of accomplishment, 

leading them to discount the recommended brand’s trustworthiness. 

An additional explanation for the finding may lie in the stimulus design itself and the sample. 

Participants may not have perceived the distinction between the algorithmic and neutral 

attribution sufficiently salient, as the visual dominance of the post may have distracted them 

from the source cue. Aoki and Matsui (2025) encountered comparable issues, noting that the 

visual layout of a stimulus can be so dominant that information regarding the source origin is 

overlooked by participants. Moreover, the unequal gender distribution between conditions, with 

a higher proportion of male participants in the algorithmic group, may have contributed to group 

differences in algorithmic awareness and critical processing (Gran et al., 2021; Voorveld et al., 

2024), representing a minor confound that future research should control for through gender-

balanced randomization. 

Taken together, these findings suggest that in contexts of high algorithm literacy, the mere 

salience of algorithmic attribution, whether explicitly labeled or individually perceived, is 
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insufficient to directly shape brand trust. Trust formation in algorithmically driven 

environments appears to operate through perceptual mechanisms, namely the emotional quality 

of the discovery experience and the perceived neutrality of the recommendation. 

5.2 The Effect of Brand Trust on Purchase Intention 

The findings provide strong support for H2, confirming that brand trust is a key driver of 

purchase intention, aligning with previous literature (Beck et al., 2023; Sufyan Ghaleb & 

Pardaev, 2025). The result reinforces the idea that in digital environments, trust acts as a 

necessary psychological bridge before consumers commit to a purchase. Especially on social 

media platforms like Instagram, where consumers are constantly exposed to new brands and 

lack physical verifiability, trust serves as the foundational driver and prerequisite of purchase 

intention (Ranjith et al., 2025). An insight from the additional hierarchical analysis for H2 is 

the role of perceived competence. While competence initially appeared significant, it lost its 

predictive power once brand trust was included in the model. This suggests that while the 

perceived technical ability of an algorithm is a necessary prerequisite, it is not a sufficient 

condition for purchase. Consumers may acknowledge that an algorithm is competent, but they 

will only consider buying if they also trust the brand. This aligns with trust transfer theory 

(Stewart, 2003), which proposes that trust in a system must first be established before it can 

transfer to the brand and ultimately drive behavior. 

5.3 The Effect of Perceived Recommendation Quality on Brand Trust 

While H3 was formally rejected, the exploratory analysis revealed a more nuanced reality. The 

results suggest that the mere algorithmic perception is insufficient to trigger trust, instead, the 

findings show that once the algorithm is perceived through specific quality dimensions, 

complete mediation occurs. Thus, algorithmic recommendations do not drive behavior through 

their mere attribution but through their qualitative perception and the formation of brand trust. 

Without brand trust, even the most accurate recommendation fails to translate into purchase 

intention. Interestingly, not technological accuracy or recommendation fit, but serendipity most 

influenced brand trust among the algorithmic quality measures. This implies that on Instagram, 

trust is fostered more through emotional impact than through the system’s cognitive 

competence. This finding aligns with literature discussing the risk of boredom when similar 

content is shown repeatedly (Hardcastle et al., 2025). Due to how algorithms work, such 

systems restrict exposure, therefore standing out by randomness or chance enhances brand trust. 

Thus, this research extends the findings of Kim et al. (2021) by showing that serendipitous 
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interactions not only evoke short-term joy or satisfaction but are also relevant to building deeper 

brand trust. Moreover, perceived objectivity was found as second significant driver of brand 

trust, suggesting that consumers not only evaluate recommendations based on the affective joy 

of discovery but also the neutrality of the source, aligning with literature (Aoki & Matsui, 2025; 

Chacon et al., 2025). Notably, contrary to literature, the factor analysis revealed that objectivity 

is not based on the data-driven approach of algorithms (Chacon et al., 2025) but the lack of 

commercial intent and neutrality of the recommendation.  

In summary, while H1 and H3 were rejected, the explorative analyses support the idea that the 

mediating mechanism generally exists but is tied to the subjective indirect perception of the 

algorithm performance instead of the mere algorithmic presence. 

5.4 The Moderating Role of Involvement, Privacy Concerns and Tech Savviness 

While literature and theories like ELM suggest involvement does play a role in processing and 

moderates effects on brand trust, that relationship was not significant in this study. This finding 

aligns with Xu et al. (2023), where involvement and its interaction with a recommendation label 

were also not significant, suggesting the effect of algorithmic attribution on brand trust is 

independent from product involvement in this context.  

One approach to explaining this is that in online settings like social media, users are generally 

in peripheral processing mode (Dong et al., 2024; Erdem et al., 1999). In this low-elaboration 

environment, the platform's visual and rapid pacing effectively neutralizes the traditional 

motivating effect of product involvement, causing users to process the experience uniformly 

regardless of their intrinsic interest in the product category. 

Another consideration is that dispositional factors, such as tech savviness or privacy concerns, 

might outweigh situational factors like involvement in algorithmically driven environments 

(Vorm & Combs, 2022). The explorative analysis supports exactly this notion, while 

involvement did not make a difference, tech savviness and privacy concerns emerged as 

(marginally) significant drivers of reactance5. For consumers with high technical expertise or 

elevated privacy concerns, consciously perceiving the algorithm backfires. Instead of fostering 

trust, detecting the algorithmic nature of the recommendation triggers a negative evaluation, 

undermining brand trust. This demonstrates that different consumer groups react differently 

based on their individual characteristics. The observed effect can be explained by psychological 

reactance, which gets activated when consumers feel that their autonomy is threatened, leading 

 
5 Given that the effect for privacy concerns reached only marginal significance, all interpretation regarding this 

effect are only preliminary and require replication in future research.  



29 
 

to negative evaluations of the source (Puntoni et al., 2021). Highly accurate recommendations 

may lead to the realization about data gathering, evoking feelings of threat and triggering 

rejection for expert and generally skeptical consumers (Balaskas et al., 2025). The backfire 

effect further aligns with the consumer typology of Voorveld et al. (2024), particularly their 

skilled and critical group. These individuals possess high algorithm awareness, high internet 

skills and privacy concerns, evaluating the use of algorithms by brands as less appropriate. The 

authors suggest that this group might take protective measures to experience less 

personalization. In accordance with that, this research’s sample shows a high baseline 

awareness of algorithms and the exploratory analysis shows that with higher tech savviness and 

privacy concerns, trust decreases. This reinforces the idea that in algorithmically driven 

environments, individual dispositional traits might override the impact of involvement, 

suggesting that the consumer's psychological profile is a more relevant predictor of brand trust 

than their level of involvement. 

5.5 Theoretical and Practical Implications 

The findings reveal insightful extensions to previous literature and marketing theories. This 

study provides an extension to the PKM in the context of social media and algorithms, revealing 

a conditional effect. The explicit label and increased salience of algorithm influence do not 

directly influence consumers’ reactions on recommendations for digital natives as algorithmic 

curation has transitioned from a distinct feature to a baseline expectation. However, for 

consumers with high tech savviness and privacy concerns, the heightened perception of the 

algorithm triggers psychological reactance, thereby undermining brand trust. Thus, the 

activation of persuasion knowledge is not a universal response to algorithmic attribution, but 

rather contingent upon individual dispositional factors. 

This study also extends the ELM by demonstrating that on fast-moving visual platforms such 

as Instagram, users predominantly default to peripheral processing regardless of involvement 

level. Consequently, this study challenges the traditional role of involvement as a primary 

moderator in algorithmically driven social media contexts, highlighting that dispositional 

factors often override situational ones. 

Furthermore, the findings expand the understanding of serendipity by showing that it not only 

increases short-term satisfaction but also strengthens deeper brand measures. 

The finding that objectivity is also a driver of brand trust complements trust transfer theory, 

demonstrating that perceived neutrality of algorithmic recommendations builds trust that 

transfers to brand perceptions. Moreover, the found backfire effect confirms and expands the 
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understanding of algorithm aversion when certain characteristics are present, identifying 

individual boundary conditions to trust transfer. For individuals with high tech savviness and 

privacy concerns, trust transfer from the algorithm to the brand fails and even reverses into a 

less positive perception. 

Finally, the results provide further understanding of users’ perception of competence and 

objectivity as constructs. While users associate a data-driven approach with high algorithmic 

competence and technical performance, they do not link it to perceived objectivity. This 

suggests that consumers distinguish between a system’s ability to process vast amounts of 

information and make decisions based on that data and its ability to remain unbiased and 

neutral. Consequently, emphasizing the data-driven nature of an algorithm may successfully 

signal expertise, but it remains insufficient for fostering the brand trust necessary for purchase 

intention. 

For brand managers, these findings offer actionable insights on how to position products to 

derive maximum benefit from algorithmic discovery. Differentiated strategies for algorithmic 

transparency based on consumer characteristics are required. For most heavy social media 

users, explicit algorithmic labels add no value, due to their high awareness of algorithmic 

mediation. Brands should therefore focus less on transparency of the algorithmic origin and 

more on the perceived quality of the recommendation, specifically fostering serendipity and 

objectivity as primary trust-building mechanisms. 

For tech-savvy consumers and consumers with high privacy concerns, a different approach is 

needed, as transparency for them leads to skepticism. Explanatory cues that communicate the 

objectivity and responsible use of data behind a recommendation might help to reduce reactance 

and overcome the backfire effect. Additionally, offering active consumer control over 

recommendation settings, such as preference filters or opt-out options, could restore a sense of 

autonomy and mitigate distrust. These strategies require further investigation in future research. 

More broadly, brand managers must accept privacy concerns as a structural feature of modern 

consumer relationships rather than an obstacle to overcome. This requires not only ethical use 

of algorithmic tools but also clearer governance frameworks that define responsibilities and 

protect all parties involved (Cui & Van Esch, 2025). 

Furthermore, brands and platforms should place less emphasis on technical perfection and 

overly intrusive hyper-personalization. Instead, they should design recommendations as 

unexpected yet positive surprises, helping them stand out while reducing consumers’ feelings 
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of constant monitoring. This finding is contrary to past literature where accuracy is emphasized 

as key success factor for building trust (Almahmood & Tekerek, 2022), therefore these findings 

are of high value for practitioners. Investment in precise algorithmic visibility might be less 

important than staging serendipity to leverage brand trust. This implies that by framing 

algorithmic placements as serendipitous and objective, brand trust might be enhanced without 

expensive advertisements or influencers. The described findings also have practical 

implications for search engine optimization (SEO) strategies. Traditional SEO provides the 

technical competence that allows an algorithm to categorize brands correctly (Cui & Van Esch, 

2025). Yet, this research shows that while being technically findable is mandatory, it does not 

trigger the psychological bridge of trust. For brands, this means that SEO ensures visibility, but 

serendipitous and objective content delivery is the conversion driver. High-quality training data 

makes a brand visible to the model, but human-resonant quality makes it relevant to the user. 

While the findings have shown mechanisms of action regarding consumers and algorithmic 

recommendations, it is important to note structural risks and ethical considerations as warned 

by the literature. The black-box nature of algorithms creates power asymmetries where users 

give their data for personalization, whose internal decision-making criteria remain non-

transparent even to experts (Campolo & Crawford, 2020). Algorithm systems are not neutral 

but based on socio-cultural assumptions and biases within their training data, which may 

reinforce inequalities technologically (Airoldi & Rokka, 2022). The iterative structure of 

algorithms further leads to feedback loops that might place users in filter bubbles, limiting the 

diversity of seen content (Airoldi & Rokka, 2022). Although personalization is often seen as a 

form of empowerment to the consumer, it also risks restricting the factual autonomy of an 

individual in its scope for action (Darmody & Zwick, 2020). Furthermore, the approach of 

seeing algorithms as mere technical objective entities leads to unclear responsibilities and 

protects creators from accountability. This demonstrates that a responsible approach to 

algorithmic systems requires a fundamental reorientation of marketing that goes beyond 

technical optimization and superficial transparency. A clear assignment of legal and operational 

accountability is needed and marketers must responsibly use algorithms while balancing users’ 

rights and concerns. To achieve this, active steps such as regular audits are essential to mitigate 

biases and protect vulnerable groups. Crucially, these self-regulatory efforts are no longer 

optional but are increasingly demanded by external governance (Puntoni et al., 2021). Emerging 

regulatory frameworks, such as the EU’s Digital Services Act (Voorveld et al., 2024), signal a 

growing institutional recognition of the need for algorithmic accountability.  
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In summary, if brands want to foster trust and build sustainable relationships in algorithmically 

driven discovery contexts, they must move beyond mere exploitation of the technology and 

embrace a governance-first mindset. 

5.6 Limitations and Future Research 

Despite the findings and implications, this study has methodological and conceptual limitations. 

First, regarding the sample, the size of the dataset constitutes a limitation. While it was 

sufficient to detect drivers of brand trust and conditional effects, a larger and more statistically 

powerful sample might have revealed subtler nuances or stabilized marginally significant effect 

of privacy concerns. Additionally, the sample consisted mainly of young, heavy Instagram 

users, limiting generalizability to other user groups like older individuals or less digitally affine 

users. Moreover, voluntary participation introduced a self-selection bias, as the study likely 

attracted respondents already engaged with or interested in the topic. Consequently, this may 

have skewed the baseline levels of the analyzed constructs, restricting the findings' overall 

representativeness. Finally, all responses were based on self-reporting, introducing potential 

biases, such as social desirability.  

A central methodological limitation is the failed manipulation check regarding the algorithmic 

label, which necessitated a shift from experimental to an exploratory approach of the analysis. 

While this allowed for deeper insights, the results must be interpreted with caution and should 

be validated through dedicated samples. 

Furthermore, the conceptual scope of the research design introduces specific limitations. The 

study utilized a static image as a stimulus, not reflecting the full reality of social media 

platforms that also feature video formats like reels. Future research should employ more 

dynamic stimuli to increase ecological validity. Moreover, this study focused exclusively on 

organic discovery. As consumer skepticism often differs between organic content and paid 

advertisements, comparing these two contexts could reveal whether the trust-building 

mechanisms identified here remain stable under the pressure of explicit commercial intent. The 

scope was further limited to the single product type of a snack bar. While FMCG products are 

suitable for testing low-involvement decisions, the findings may differ in categories with initial 

higher involvement, where the trust-building process is potentially more complex. Furthermore, 

the study was conducted solely focusing on Instagram. Other platforms might yield different 

results. Regarding the outcome variables, this research measured purchase intent, which does 

not fully reflect actual purchase behavior. Future longitudinal studies or field experiments with 
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actual sales data would be necessary to confirm the long-term impact on brand performance, 

especially as technology and RS constantly evolve.  

From a statistical perspective a limitation concerns multicollinearity among the perceptual 

variables. Notably, perceived competence and objectivity showed a strong positive correlation 

(r = .59, p < .001). In the regression models, these constructs compete for explanatory power, 

which may lead to suppressed effects or reduced significance for individual predictors. Future 

research could benefit from more distinct scale developments to better separate the technical 

and ethical dimensions of algorithmic perception. 

Finally, regarding the literature base, while core theoretical constructs are grounded in 

established peer-reviewed academic literature, some insights are derived from sources with 

varying degrees of empirical depth. Consequently, while these insights provide a crucial 

foundation for understanding current trends, they should be interpreted as preliminary, serving 

as an exploratory foundation for a rapidly evolving field. 

 

Building upon this basis, several directions for future research emerge to address both the 

limitations identified and the broader complexities of algorithmic discovery. First, further 

research should examine a wider scope of stimuli as suggested by Loureiro et al. (2019) to 

validate findings. Second, it is essential to also investigate the impacts of algorithmic discovery, 

taking into consideration characteristics of the content itself. Furthermore, other consumer 

groups, especially older and less heavy users, should be examined to assess the stability of the 

found effects. Future research could also investigate the relationship between involvement and 

perceived personalization, as the strong positive association found in this study suggests that 

involved consumers may be particularly sensitive to recommendation relevance. 

Methodically objective behavioral data, instead of self-reporting, should be used to complement 

and validate effects without desirability bias or other influences. Additionally, longitudinal and 

larger studies are necessary to validly depict the cumulative and long-term effects, especially 

on brand equity.  

Furthermore, the non-significant manipulation check reveals that further research is needed on 

specific design and framing of algorithmic labels, exploring how transparency regarding 

platform logic can be effectively communicated. Going along with this, active control options 

and their effect on brand trust should be tested to examine how to reduce distrust and reactance. 

Finally, future research should focus on the precise operationalization of serendipity and 

objectivity, examining how brands can intentionally shape and leverage these perceptions to 

foster trust without activating users’ persuasion knowledge 



34 
 

6 Conclusion 

In summary, this research reveals a nuanced picture of algorithmic brand discovery on social 

media and its impact on brand outcomes. While much literature highlights transparency through 

labeling as a key prerequisite for trust, this study’s results demonstrate that explicit algorithmic 

attribution did not significantly influence brand trust. This is likely due to a high baseline 

awareness among the sample of heavy Instagram users, where algorithmic mediation is seen as 

normal. In this context, the label did not offer additional information for users. Thus, success 

in algorithmic communication depends less on technological processes and more on the 

emotional and functional quality of the outcomes. Serendipity emerged as the strongest driver 

of brand trust, complementing the findings of Kim et al. (2021). Experiencing a 

recommendation as a fortunate surprise can foster trust and reduce cognitive reactance towards 

algorithms. Perceived objectivity also proved important. The research highlights a data-

drivenness paradox: while consumers acknowledge technical competence, trust is only 

established when the algorithm is perceived as an unbiased, neutral mediator. Technical 

competence is necessary, but not sufficient for purchase; it requires objectivity to convert into 

actual consumer behavior. Brand trust acts as the fundamental psychological bridge, without it, 

even a precise recommendation does not lead to purchase intention. At the same time, there are 

limiting factors. For tech-savvy consumers and those with high privacy concerns, perceiving 

algorithmic influence on the recommendation can lead to reactance. For this group, 

transparency creates a paradox: instead of evoking trust, it causes active devaluation of the 

brand. In conclusion, successful marketing for FMCG brands on social media requires a shift 

from mere technical perfection of algorithm precision towards responsible serendipity- and 

objectivity-driven curation. Only responsible handling of algorithmic power can secure trust in 

an increasingly automated consumer culture.  

Circling back to Mosseri’s vision of technology serving the individual, this remains a worthy 

aspiration. Yet this research demonstrates that truly making the most of people’s time requires 

a fundamental shift in how personalization is designed and communicated. Trust is not built 

through mere transparency of the algorithm, but through the emotional quality of discovery it 

enables and only within the boundaries of what consumers accept as appropriate. The future of 

algorithmic brand discovery therefore, lies not in data and personalization alone, but in more 

responsibility of platforms, brands and users collectively. 
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APPENDICES 

 

Appendix 1: Measurement Operationalization Additional Variables 

Perceived Objectivity:  

Perceived objectivity focuses on how unbiased and neutral the consumers perceive the 

recommendation. The used 3-item scale was adapted from definitions of Chacon et al. (2025). 

According to the authors and their literature overview, algorithm objectivity is the ability of 

systems to use training data and automated formulas to deliver consistent and unbiased results. 

While their study did not include a scale for this construct, the definitions were used to develop 

this one. 

• PO1: The recommendation seems objective. 

• PO2: The recommendation seems unbiased. 

• PO3: The recommendation seems data-driven.  

Perceived Competence:  

Perceived competence evaluates the perceived ability and expertise behind the 

recommendation. It was measured using two items conceptually adapted from Longoni and 

Cian (2022), who identify competence perceptions as key mechanisms for brand trust in AI 

environments. The wordings were adapted from Chaiken (1980), who showed in a factor 

analysis that the words competence and knowledgeable load on the mutual factor of expertise. 

The construct of Longoni and Cian (2022) possesses a strong original reliability of α = .89. 

• PC1: The recommendation seems knowledgeable. 

• PC2: The system behind this recommendation seems competent. 

Perceived Personalization:  

Perceived personalization captures the extent to which consumers feel the content is tailored 

specifically to them. This 3-item construct was adapted from Voorveld et al. (2024), who 

developed their scale to depict individual relevance of brand messages in digital contexts. Their 

scale was adapted to this study’s setting and shortened to reduce survey length. The original 

scale is highly reliable with α = .89. 

• PP1: The content fits my preferences. 

• PP2: The recommendation feels tailored to me. 

• PP3: The product seems relevant to me.  
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Perceived Serendipity:  

Perceived serendipity measures the feeling of a positive, unexpected discovery. The scale was 

directly adapted from Kim et al. (2021), who conceptualized serendipity in algorithmic 

marketplaces. It was reduced to two items to reduce survey length. This construct demonstrated 

good reliability in the original study with an α of .83. 

• PS1: The recommendation felt like a pleasant surprise. 

• PS2: I feel like I found this post by a lucky chance.  

Algorithmic Skepticism:  

To capture consumers’ general defense mechanisms and doubts regarding AI curation, 

algorithmic skepticism was measured with three items based on the concept of generalized 

skeptisim by Fletcher & Nielsen (2018). Conceptually, it follows the logic of the consumer 

skepticism scale by Obermiller and Spangenberg (1998). 

• AS1: I am generally skeptical about algorithmic recommendations. 

• AS2: I do not fully trust algorithm-based suggestions. 

• AS3: Algorithms often misjudge my preferences. 

Privacy Concern:  

General privacy concerns regarding data usage were measured using a 3-item scale adapted 

from Voorveld et al. (2024) and shortened. Their scale for online privacy concerns showed 

internal consistency of α = .92. 

• PC1: I am concerned about how companies use my personal data. 

• PC2: I feel uncomfortable when platforms use my data for recommendations. 

• PC3: Online personalization often feels intrusive.  

Tech Savviness:  

The scale for tech savviness was adapted from the established dimensions of Küper and Krämer 

(2025), which correspond to their constructs of control belief and technology affinity. To 

minimize respondent fatigue the scale was reduced to two items with original constructs 

reporting internal consistency of α = .81 - .85. 

• TS1: I consider myself technologically skilled.  

• TS2: I usually understand how digital technologies work.  
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Appendix 2: Survey Flow 

Introduction (1Question) 

Screening (1 Question) 

Randomizer 1: Evenly Present Elements 

Stimulus + Text Group - Algorithmic: Imagine you’re scrolling through your personal Instagram 

feed. You see the following post, which has been selected for you based on your interests, preferences 

and past activity. Please take a close look at the post before proceeding. 

Stimulus + Text Group - Neutral: Imagine you’re scrolling through Instagram. You see the following 

post. Please take a close look at the post before proceeding. 

Manipulation Check (1 Question) 

Main Constructs: Measurement of Brand Trust, Brand Equity and Purchase Intention (3 Questions) 

Exploratory Variables (4 Questions) 

Moderator and Control Variables (8 Questions) 

Attention Check (1 Question) 

Demographics (3 Questions) 

Source: Own creation based on survey setup 
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Appendix 3: Survey Questionnaire 

Start of Block: Introduction 

This research study is conducted as part of a master’s thesis at Católica Lisbon and aims to 

study consumer behavior in digital environments.  There are no right or wrong answers. Your 

honest opinion is highly appreciated.  This survey is expected to take about 5-7 minutes to 

complete.  Your participation is completely voluntary and your responses will be kept strictly 

confidential.  Please click on the "next” button if you agree to continue.  Thank you! 

o Next  

End of Block: Introduction                                                                                                     

Start of Block: Screening 

Social media usage - SMU: Thinking about the past 12 months, how often on average did you 

use Instagram? 

o Never  (1)  

o Less than once a month  (2)  

o A few times a month  (3)  

o A few times a week  (4)  

o Daily  (5)  

End of Block: Screening 

Start of Block: Stimulus 

Stimulus + Stimulus Text  

End of Block: Stimulus 

Start of Block: Questions 

Manipulation check – MC: Please indicate how much you agree with the following 

statements regarding the post you have seen. 1 = Strongly disagree, 7 = Strongly agree 

 1 2 3 4 5 6 7 

The post seemed to be recommended by the 

platform’s algorithm (1)  o  o  o  o  o  o  o  

The post seemed tailored to my personal 

interests (2)  o  o  o  o  o  o  o  

        

Brand trust – BT: Please indicate how much you agree with the following statements 

regarding the brand shown in the post. 1 = Strongly disagree, 7 = Strongly agree  

 1 2 3 4 5 6 7 

I trust this brand (1)  o  o  o  o  o  o  o  

This brand seems reliable (2)  o  o  o  o  o  o  o  

This brand appears honest (3)  o  o  o  o  o  o  o  

I feel confident about this brand (4)  o  o  o  o  o  o  o  

Brand Equity – BE: Please indicate how much you agree with the following statements 

regarding the brand shown in the post.  1 = Strongly disagree, 7 = Strongly agree 
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 1 2 3 4 5 6 7 

This brand seems to be of high quality (1)  o  o  o  o  o  o  o  

I have a favorable opinion of this brand (2)  o  o  o  o  o  o  o  

Page Break  

Purchase Intention – PI: Please indicate how much you agree with the following statements 

regarding the brand shown in the post. 1 = Strongly disagree, 7 = Strongly agree 

 1 2 3 4 5 6 7 

I would consider buying this product (1)  
o  o  o  o  o  o  o  

I would likely purchase this brand (2)  
o  o  o  o  o  o  o  

I would try this product if it was available (3)  
o  o  o  o  o  o  o  

 

Perceived Objectivity – PO: Please indicate how much you agree with the following 

statements regarding the post you have seen. 1 = Strongly disagree, 7 = Strongly agree 

 1 2 3 4 5 6 7 

The recommendation seems objective (1)  o  o  o  o  o  o  o  

The recommendation seems unbiased (2)  o  o  o  o  o  o  o  

The recommendation seems data-driven (3)  o  o  o  o  o  o  o  

 

Perceived Competence – PC: Please indicate how much you agree with the following 

statements regarding the post you have seen.  1 = Strongly disagree, 7 = Strongly agree 

 1 2 3 4 5 6 7 

The system behind this recommendation seems 

competent (1)  o  o  o  o  o  o  o  

The recommendation seems knowledgeable (2)  o  o  o  o  o  o  o  

Page Break  

Perceived Personalization – PP: Please indicate how much you agree with the following 

statements regarding the post you have seen. 1 = Strongly disagree, 7 = Strongly agree 

 1 2 3 4 5 6 7 

The content fits my preferences (1)  o  o  o  o  o  o  o  

The recommendation feels tailored to me (2)  o  o  o  o  o  o  o  

The product seems relevant to me (3)  o  o  o  o  o  o  o  

 

 

 

Perceived Serendipity – PS: Please indicate how much you agree with the following 

statements regarding the post you have seen.  1 = Strongly disagree, 7 = Strongly agree 

 1 2 3 4 5 6 7 

The recommendation felt like a pleasant surprise 

(1)  o  o  o  o  o  o  o  

I feel like I found this post by a lucky chance (2)  o  o  o  o  o  o  o  
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Algorithm Skepticism – AS: Please indicate how much you agree with the following 

statements. 1 = Strongly disagree, 7 = Strongly agree 

 1 2 3 4 5 6 7 

I am generally skeptical about algorithmic 

recommendations (1)  o  o  o  o  o  o  o  

I do not fully trust algorithm-based suggestions (2)  o  o  o  o  o  o  o  

Algorithms often misjudge my preferences (3)  o  o  o  o  o  o  o  

Page Break  

Privacy Concern - Priv.C: Please indicate how much you agree with the following 

statements. 1 = Strongly disagree, 7 = Strongly agree 

 1 2 3 4 5 6 7 

I am concerned about how companies use my 

personal data (1)  o  o  o  o  o  o  o  

I feel uncomfortable when platforms use my data 

for recommendations (2)  o  o  o  o  o  o  o  

Online personalization often feels intrusive (3)  o  o  o  o  o  o  o  

 

Involvement – Inv:  Please indicate how you generally feel about the product category seen 

in the post. 1 = Strongly disagree, 7 = Strongly agree  

 1 2 3 4 5 6 7 

Products in this category are important to me (1)  o  o  o  o  o  o  o  

I am interested in this product category (2)  o  o  o  o  o  o  o  

I usually invest time when choosing products in 

this category (3)  o  o  o  o  o  o  o  

I feel involved when purchasing products in this 

category (4)  o  o  o  o  o  o  o  

 

Category Perception – Perc: Please indicate how you generally feel about the product 

category seen in the post. 1 = Strongly disagree, 7 = Strongly agree 

 1 2 3 4 5 6 7 

This product mainly serves a practical purpose 

(e.g., quick energy or convenience) (1)  o  o  o  o  o  o  o  

Page Break  

 

 

 

Category Usage: How often do you purchase snack bars in your regular daily life? 

o Never  (1)  

o Rarely  (2)  

o Occasionally  (3)  

o Often  (4)  

o Very often  (5)  

Category Liking: Please indicate how you generally feel about the product category seen in 

the post. 1 = Strongly disagree, 7 = Strongly agree 

 1 2 3 4 5 6 7 
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In general, I like snack bars (1)  o  o  o  o  o  o  o  

 

Post Realism: Please indicate how you generally feel about the post you have seen. 1 = 

Strongly disagree, 7 = Strongly agree 

 1 2 3 4 5 6 7 

It seems realistic that this product would be 

recommended to me on Instagram (1)  o  o  o  o  o  o  o  

Page Break  

Technical Savviness – TS: Please indicate how much you agree with the following 

statements. 1 = Strongly disagree, 7 = Strongly agree 

 1 2 3 4 5 6 7 

I consider myself technologically skilled (1)  o  o  o  o  o  o  o  

I usually understand how digital technologies 

work (2)  o  o  o  o  o  o  o  

 

Attention check: Please indicate how much you agree with the following statement. 1 = 

Strongly disagree, 7 = Strongly agree  

 1 2 3 4 5 6 7 

To ensure data quality, please select 6 for this 

item (1)  o  o  o  o  o  o  o  

 

Age: Please indicate your age: 

________________________ 

 

Gender: Please indicate your gender 

o Male  (1)  

o Female  (2)  

o Non-binary  (3)  

o Prefer not to say  (4)  

 

Education: Please indicate the highest level of education you have 

o High school  (1)  

o Bachelor  (2)  

o Masters  (3)  

o Doctorate  (4)  

o Other  (5)  

End of Block: Questions 

Thank you for your response! 
  



XVI 
 

Appendix 4: Descriptive Statistics 

Demographics:  

The following tables present the detailed descriptive statistics of the total sample’s demographic 

characteristics, including age, gender, education level and Instagram usage frequency. All 

tables are based on the survey data and exported as images from SPSS. 

Age:     
 

Gender:   

 

Education:   

 

Instagram Usage:  
 

Descriptive Statistics of Additional Constructs: 

 



XVII 
 

Appendix 5: Factor Analysis 

The following tables present the results of the exploratory factor analysis, including KMO and 

Bartlett’s test, total variance explained, communalities and the rotated component matrix. All 

tables are based on the survey data and exported as images from SPSS. 
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Appendix 6: Cronbach’s Alpha all Variables 

To assess the internal consistency of the constructs, α was calculated. All tables are based on 

the survey data and exported as images from SPSS: 

Brand Trust:  

The brand trust scale demonstrated excellent reliability (α = .93), exceeding the threshold of .70 

(Peterson, 1994). No significant improvement would have been achieved by deleting any item. 

Consequently, a mean index was created for further hypothesis testing. 

 

Brand Equity:  

The construct of brand equity showed good internal consistency (α = .80). Both items 

contributed significantly to the construct and a mean index was computed for further analysis. 

 

Purchase Intention:  

The Purchase Intention scale, consisting of three items, demonstrated excellent reliability (α = 

.92), exceeding the threshold of α = .70 (Peterson, 1994). By deleting any item, the alpha would 

be reduced. Consequently, a mean index was created for further hypothesis testing. 

 

Perceived Objectivity:  

The initial reliability analysis for perceived objectivity yielded α = .61, which is below the 

acceptable threshold of .70 (Peterson, 1994). Further inspection of the item-total statistics 

revealed that PO_3 correlated poorly with the other items (r = .19). By excluding PO_3, the 

internal consistency of the scale improved significantly to α = .82. The final mean index was 

calculated based on the remaining two items. 
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Perceived Competence:  

The construct of perceived competence was measured with two items and demonstrated high 

internal consistency (α = .89). This exceeds the common threshold of α = .70 (Peterson, 1994), 

confirming the reliability of the scale for further analysis. 

 

Perceived Personalization:  

Perceived personalization showed excellent internal consistency with α = .91. Despite a 

minimal potential increase in α if item PP_3 was deleted, all items were retained. The scale 

already exhibited excellent reliability (α = .91) and PP_3 showed a robust corrected item-total 

correlation of r = .77. 

 

Perceived Serendipity:  

The scale for perceived serendipity demonstrated acceptable internal consistency with α = .74. 

Both items showed a solid corrected item-total correlation, indicating that the items sufficiently 

represent the underlying construct. Both items were averaged to form a mean index. 

 

Algorithm Skepticism:  

Algorithm skepticism achieved a reliable α = .74. Although the exclusion of item AS_3 would 

have resulted in a slight increase to α = .76, the item was retained to preserve the conceptual 
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breadth of the scale. With a corrected item-total correlation of .48 for the weakest item, all items 

still met the requirements for internal consistency and were included in the final mean index. 

 

Privacy Concern:  

The privacy concern scale exhibited high internal consistency with α = .86. While the removal 

of item Priv.Con_3 could have marginally improved to α = .88, it was decided to retain all 

items to ensure a more robust and content-valid measurement. 

 

Involvement:  

Measurement of product/ category involvement showed excellent reliability with α = .88. By 

deleting any item, the α would be reduced. Consequently, no items were removed and a mean 

score was calculated for further analysis. 

 

Tech Savviness:  

Tech savviness was measured using a two-item scale, which showed high internal reliability 

with α = .89. The items were highly correlated with a corrected item-total correlation of .80, 

confirming that they consistently captured the participants’ perceived technical expertise. Both 

items were retained for the mean index. 
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Appendix 7: Manipulation Check 

A reliability analysis of the manipulation check items revealed insufficient internal consistency 

for the construct, therefore only the first item was used as manipulation check measurement. 

The independent-samples t-test revealed no significant results. 

 

 

 

 

One proposed explanation for this result is the high baseline awareness of the sample, which is 

confirmed in the descriptive statistics of the manipulation check variable. The median of 5 

confirms that the sample overall, regardless of assigned experimental condition, perceived high 

algorithmic influence on the seen post and recommendation. 

 
 

 

 

 

 

 

 

 



XXII 
 

Appendix 8: Correlation Matrix 

The following table presents the Pearson correlation coefficients between the most relevant 

study variables. The table is based on the survey data and exported as image from SPSS. The 

most relevant correlations are highlighted. 
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Appendix 9: Hypothesis Testing 

The following tables present the statistical outputs of the hypothesis tests. All tables are based 

on the survey data and are exported as images from SPSS. 

H1:  

Hypothesis 1 was tested using an independent-samples t-test on the new groups of low and 

high algorithmic perception, comparing their brand trust evaluations. 

Prior to conducting the test, the statistical assumptions were verified. The dependent variable 

of brand trust can be treated as continuous6 and the independent groups are categorical and 

mutually exclusive. Due to the sample size of n = 89, the t-test is robust against minor violations 

of normality. To account for potential variance heterogeneity, Levene’s test was consulted and 

results were interpreted accordingly. The results show a non-significant Levene’s test (p = .75), 

confirming the prerequisite of homogeneity of variances. 

 

 

 

The difference between the low and high algorithm perception groups is statistically not 

significant. Notably, the mean of brand trust for the low algorithmic perception group is even 

slightly higher compared to the high algorithm perception group. This finding indicates that the 

high perception of the algorithm, contrary to hypothesized, likely evokes persuasion knowledge 

and thus undermines trust building as respondents reacted with rejection. Following this result, 

further exploratory analysis was conducted using independent-samples t-tests for the qualitative 

variables (perceived objectivity, perceived competence, perceived personalization, perceived 

serendipity) comparing the low and high algorithmic perception groups’ evaluations of the 

 
6  Following established practice in social science research, Likert scale scores were treated as continuous 

interval-level data to enable the application of parametric statistical methods (Ansari et al., 2000). 
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respective variables. However, none of these tests revealed significant differences, indicating 

the algorithm itself is no longer a direct quality signal due to users’ high awareness. It is working 

in the background, delivering recommendations to users, which are in turn evaluated but not 

influenced by the algorithmic origin alone. 

 

H2:  

For H2, a linear regression analysis was used, regarding the effect of brand trust on purchase 

intention. To assess the model validity, the central assumptions of linear regression were tested. 

The significant F-test and Pearson correlation confirm a strong linear relationship between the 

variables. The Durbin-Watson test confirmed independence of residuals, indicating no 

problematic autocorrelation among residuals. Descriptive statistics of residuals suggested no 

extreme outliers and indicating sufficient normality and homoscedasticity of the error terms. 

As this is a simple regression with a single predictor, multicollinearity is mathematically 

precluded, which is confirmed by tolerance and VIF values of 1000. 

The test results reveal that almost half of purchase intention is based on brand trust with an R2 

of .44. The coefficient is strong with a value of β = .66. 
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Next, a hierarchical regression was used to test the robustness of the effect when controlling 

for other variables, confirming the strong role of brand trust for purchase intention: 
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H3:  

PROCESS Models7:  

 

 

 
7 Note for all PROCESS analyses: Copyright 2013-2025 by Andrew F. Hayes. ALL RIGHTS 

RESERVED. This version of PROCESS requires SPSS version 26 or later. Workshop schedule 

available at haskayne.ucalgary.ca/CCRAM. In SPSS 29 and later, change default output font to Courier 

New for tidier output. More information about PROCESS at processmacro.org/faq.html. This beta 

release has not been completely tested. Use at your own risk. 
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H4:  
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Appendix 10: Exploratory Analyses 

Explorative Linear Regression with all Perception Variables: 

 

 

 

 

 

Exploratory path analysis H3:  
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Privacy Concern:   
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Tech Savviness:  
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