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1. Introduction 
In 1964, Donald F. Cox and Stuart U. Rich published an article titled "Perceived Risk and 

Consumer Decision-Making: The Case of Telephone Shopping", which explored the then 

under-studied role of perceived risk in a consumer behaviour context. Focusing on the 

empirical context of telephone shopping, the authors studied the strategies individuals 

adopt to mitigate risk, which they defined as a "function of the amount at stake and the 

certainty of the outcome" (Cox & Rich, 1964). They found that while it is rarely possible 

to reduce the amount at stake, consumers can increase certainty through information 

seeking. Specifically, they identified two types of consumers: those who rely on 

experience-based information and those who seek external information, such as product 

advertisements.  

Today, more than 50 years later, while telephone shopping is no longer a significant 

phenomenon, many parallels can be drawn to AI recommender systems (see chapter 1.2). 

One particularly intriguing parallel concerns the role of information as a risk-reduction 

mechanism: just as newspaper advertising provided additional information to increase 

certainty in Cox and Rich’s study, AI explainability and transparency in recommender 

systems provide users with information intended to reduce uncertainty about a specific 

recommendation. 

1.1 The Role of Recommender Systems and the Customer Journey in the 
Flight Booking Context 

When booking a flight online, consumers face a large and often overwhelming number of 

alternatives, including different airlines, fare classes, connection types, and prices. 

Research shows that under these conditions, evaluating every option in depth triggers 

cognitive overload, and consumers instead tend to rely on a two-stage decision process: 

first screening a large set of products to identify a promising shortlist, and then comparing 

those alternatives more carefully before committing to a purchase (Häubl & Trifts, 2000). 

Recommender systems serve as interactive decision aids that support consumers at both 

stages (Häubl & Trifts, 2000). At their core, they are algorithms that estimate the likelihood 

that a user will find a given item relevant and use that estimate to present the most suitable 

option from a wide range of possibilities (Dadoun et al., 2021). 
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Recommender systems are by now a familiar part of everyday digital life. For example, 

when Netflix suggests a show you end up watching for three hours, or Amazon reminds 

you that people who bought what you just bought also tend to buy something else, these 

are recommender systems at work: algorithms estimating what you are likely to want (based 

on your past search history or peer group consumption) before you have asked for it 

(Gomez-Uribe & Hunt, 2016; Linden et al., 2003). In each case, the system does the 

searching so the user does not have to. These are traditional recommender systems. In the 

airline context, it works the same way, except the stakes are higher: choosing the wrong 

Netflix show costs you an evening; choosing the wrong flight can cost you considerably 

more. Originally developed to address information overload in e-commerce and 

entertainment, recommender systems have since expanded into the travel sector, where the 

decision environment is complex (Dadoun et al., 2021). 

Two kinds of recommender systems need to be told apart here. Traditional recommender 

systems, like the engines behind Netflix and Amazon, rank items by how relevant they are 

likely to be, but they hand the user a finished answer:  you see what is recommended, not 

why (Linden et al., 2003; Gomez-Uribe & Hunt, 2016). Recommender systems built on 

large language models can do something more. In addition to ranking the options, they can 

explain their choice in plain language, telling the user which criteria mattered and why 

other options were not selected. It is this kind of recommender system that the present study 

focuses on. The main topic this study investigated is whether AI explaining its own choice 

changes how consumers react to it. The underlying recommendation remains the same 

across all experimental conditions. The only thing that changes is whether the AI explains 

itself or not (see Chapter 3.2). 

In the airline context specifically, recommender systems have the potential to support 

consumers across the entire traveler journey (see Figure 1) (Dadoun et al., 2021). 
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(Figure 1, the airline customer journey and the potential impact of recommender systems, Dadoun et al., 

2021). 

At the shopping stage (and partly the booking stage), which is the focus of this study, the 

consumer is in a planning mindset and actively weighing trade-offs between available 

flights (Dadoun et al., 2021). A recommender system at this stage effectively collapses the 

two-stage decision process described earlier into a single interaction, presenting a 

recommendation framed as the best match for the user's needs. 

Despite this potential, the application of recommender systems in airline retailing remains 

underdeveloped (Dadoun et al., 2021). Existing research on flight recommender systems 

has focused almost entirely on the technical side, consisting of improving delay prediction 

accuracy, modeling user preferences using behavioral data, and optimizing ranking 

algorithms (Kan et al., 2024). What has received far less attention is how consumers 

respond to these recommendations once presented to them. Questions about whether users 

trust the recommendation, how the framing affects their risk perception, and whether they 

intend to act on it remain largely unanswered (Dadoun et al., 2021). This matters because 

a technically accurate recommendation is only useful if the consumer is willing to follow 
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it. This study examines two factors that shape that willingness: whether the AI explains the 

reasoning behind its recommendation (transparency), and the price level of the 

recommended flight. 

Flight booking is a particularly suitable context for studying how AI explanation interacts 

with price for three main reasons. First, it spans a wide and credible price range within a 

single product category: the same task, booking a one-week trip, can cost a few hundred or 

several thousand SEK, depending only on the route, which allows price to be varied without 

leaving the main category or goal (a one-week vacation) (see Chapter 3.2). Second, the 

decision is characterized by a high degree of uncertainty for the consumer. Fares, layovers, 

different airlines with different on-board products are hard to evaluate, and outcomes are 

non-refundable in the cheapest category, so explanation can reduce uncertainty before 

commitment. Third, AI-assisted booking is a real and fast-growing commercial 

development (Zanpure, 2025), which makes the question immediately relevant to airlines 

and online travel agencies.  

The mechanism this study investigates is not specific to air travel. Wherever an AI system 

recommends a single option from a large, complex set, and the financial stakes vary, the 

same question arises. Selecting an insurance or mortgage product, choosing among 

investment options in an online app, or accepting a marketplace listing all share the same 

structure: a consumer who cannot easily verify the recommendation, a meaningful amount 

at stake, and an AI that can explain its choice. Flight booking is studied here as a concrete 

instance of this broader class of high-stakes, AI-assisted consumer decisions. 

1.2 Purpose and Research Question 

Many studies within the recommender systems literature have demonstrated the positive 

effect of transparency on trust and purchase intention (Tintarev & Masthoff, 2007; 

Glikson & Woolley, 2020; Wang & Yin, 2021). Yet other studies in related contexts have 

also identified conditions under which transparency does not affect, or even harms, such 

desirable outcomes (Park & Yoon, 2025; Petty & Cacioppo, 1986; Scharowski et al., 

2022). 

This study aims to extend the literature by introducing price as another such condition. 

The rationale is inspired by Cox and Rich (1964), who argue that consumers seek 

information to reduce the perceived risk associated with purchase decisions. In the 
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context of AI recommender systems, transparency can be viewed as an information-

provision mechanism that reduces uncertainty. Building on this perspective, the authors 

argue that perceived risk increases when more is at stake and when uncertainty 

surrounding a decision is higher. Consequently, as prices increase, transparency should 

become more valuable in reducing uncertainty, thereby strengthening its effect on 

purchase intention. 

The study also draws on more recent TAM and UTAUT literature to explore the 

psychological mechanisms underlying the relationship between transparency and 

purchase intention and to examine whether the moderating effect of price extends to this 

relationship. 

To address these objectives, the following research questions are posed: 

RQ1: Does transparency affect purchase intention? 

RQ2: Does transparency have a stronger effect on purchase intention when price is high? 

RQ3: Through which psychological mechanisms, specifically trust and perceived risk, 

does transparency influence purchase intention? 

These questions are addressed through a controlled 2×2 between-subjects experimental 

survey design, described in detail in Chapter 3. 

1.3 Research Gap 

How transparency behaves under high vs. low financial stakes is theoretically important 

and practically relevant (see chapter 1.2), yet, to the best of the authors' knowledge, it has 

not been tested in a consumer recommender system purchase context. 

Recent work treats transparency as a positive force. Tintarev and Masthoff (2007) identify 

trust as one of seven core aims of explanations. The positive framing is not universal. 

Scharowski et al. (2022) document conditions under which explanations fail to raise trust 

and can even lower it. What remains untested is whether the effect of transparency on trust 

and behavioural intention differs across price levels. To the best of the authors' knowledge, 

no study has directly compared transparency under high- and low-stakes conditions in a 

consumer-facing booking context. This gap motivates the present study. 

A second gap concerns the level of transparency studied. Werz et al. (2024) draw a useful 

distinction between global transparency (openness about the algorithm and the system as a 
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whole) and local transparency (the active display of reasoning behind a single 

recommendation, often labeled explainability). Most consumer-context studies bundle 

these into a single transparency construct, which makes it difficult to isolate the effect of 

explanation-level transparency on consumer responses (Miller, 2019; Scharowski et al., 

2022). This study targets local explainability directly (see chapter 1.5), so the effects 

reported here speak to the specific content of transparency based on explanations. 

1.4 Delimitations 

The study is delimited along four dimensions. 

First, a fictitious AI booking scenario is presented. The result is higher internal validity at 

the cost of ecological validity, a trade-off described by Shadish et al. (2002) as common in 

such experimental designs. 

Second, the sample is a consumer panel aged 20–39. This age range was set to limit age-

related variance in the experiment's main variables, given the sample size constraint. 

Third, perceived risk is narrowed to the financial dimension of Jacoby and Kaplan's (1972) 

framework. Performance, psychological, and social risk dimensions are excluded. Price 

most directly drives financial risk. This study primarily measured financial risk, 

complemented by a single item capturing general risk (see chapter 3). 

Fourth, transparency is operationalized through explainability. Transparency is 

implemented through AI-generated explanations of the recommendation logic (see chapter 

2.3). Other forms of transparency, such as algorithm-level openness, are not tested. The 

reasoning is that explainability is the form of transparency most relevant to the lay user 

(Werz et al., 2024; Miller, 2019). Findings should be interpreted as evidence on 

explanation-based transparency, not on transparency in a broader sense. 

 

1.5 Structure of the Thesis 

This thesis is structured into six chapters. Chapter 2 presents the theoretical framework, 

reviews the three key models of technology acceptance (TAM, UTAUT, and S-O-R), and 

develops hypotheses grounded in the literature. Chapter 3 details the methodology, 
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including the 2×2 experimental research design, the independent variables (price level and 

AI transparency), the survey structure, the pre-study, the sample, and the analytical 

strategy. Chapter 4 reports the results of the manipulation checks, main effects, and 

mediation analyses. Chapter 5 discusses these findings in relation to the theoretical 

framework and the broader literature on AI-assisted decision-making in airline retailing, 

and offers limitations and directions for future research. Chapter 6 offers concluding 

remarks. 
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2. Theoretical Framework 
The theoretical framework is built in two parts. Part 1 (section 2.1) reviews the TAM 

(technology acceptance model) literature to identify the key mechanisms involved in how 

humans interact with technology in the context of purchasing and introduces the S.O.R 

model to ground the causal chain between the stimuli, the mechanisms, and the dependent 

variables. The purpose is to ground the study in proven frameworks and identify what each 

contributes to the model developed here. Part 2 (sections 2.2–2.7) develops the study-

specific theoretical model and the hypotheses. 

2.1 Conceptual foundation 

2.1.1 Technology Acceptance Model 

The Technology Acceptance Model (TAM) was introduced by Davis (1989) to explain user 

acceptance of information technology (see Figure 2). TAM identifies two key beliefs as 

central drivers of behavioural intention: Perceived Usefulness (PU), the degree to which a 

person believes a system improves their performance, and Perceived Ease of Use (PEOU), 

the degree to which using the system is expected to require little effort.  

Building on TAM and seven adjacent acceptance models, Venkatesh et al. (2003) 

developed the Unified Theory of Acceptance and Use of Technology (UTAUT), which 

organizes acceptance around four determinants: Performance Expectancy, Effort 

Expectancy, Social Influence, and Facilitating Conditions. UTAUT further highlights the 

importance of individual differences such as age, gender, and experience in shaping 

technology acceptance.  

In the context of online shopping and e-commerce, both models were also extended to 

include perceived risk and trust. Gefen et al. (2003) introduced trust as a key variable 

affecting behavioural intention both directly and through perceived usefulness. Pavlou 

(2003) built on these findings by introducing perceived risk and its negative relationship 

with behavioural intention, and by re-establishing trust as a predictor of behavioural 

intention and perceived usefulness in addition to its effect on the newly introduced risk 

variable (Gefen et al., 2003; Pavlou, 2003). These two variables were later incorporated 

into UTAUT as well (Slade et al., 2015; Wanner et al., 2022). 
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Pavlou's (2003) extension is particularly relevant to the present study, as it focuses on the 

role of uncertainty in online purchase decisions. Pavlou argues that the distant and 

impersonal nature of online transactions creates uncertainty around the purchase process, 

making trust and perceived risk central elements of the decision to purchase. This aligns 

closely with the logic adopted in the present study, in which transparency is viewed as a 

mechanism to increase certainty before a purchase decision is made. As such, Pavlou's 

model serves as a useful foundation for identifying the determinants of purchase intention 

examined in this study. 

 

The AI recommender context, however, introduces additional considerations beyond those 

captured by Pavlou's model. The antecedent variables used by Pavlou primarily capture 

pre-existing beliefs and experiences that consumers bring into an online transaction. In the 

present study, these factors are represented through initial openness toward AI and prior AI 

experience, which reflect consumers' pre-existing attitudes toward and familiarity with AI 

systems (see Chapter 2.7). Age and gender are also included, given their established roles 

in technology acceptance research. Conversely, perceived ease of use is omitted because 

the present study focuses on transparency and decision-making rather than system usability. 

Together, these adaptations provide the foundation for the model developed in this study. 

 
(Figure 2, TAM extension for electronic commerce (Pavlou, 2003)). 

 
 

2.1.2 Stimulus-Organism-Response Model 
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The Stimulus-Organism-Response framework (Mehrabian & Russell, 1974; see Figure 4) 

fits this study for one main reason: the chain it describes matches the chain the study tests. 

Price and transparency are the stimuli, trust and perceived risk are the internal states they 

activate, and purchase intention and perceived usefulness are the responses. 

 
(Figure 3, S-O-R framework by Mehrabian & Russell (1974)). 

In this study, the price of the recommended flight and the transparency of the AI's reasoning 

are the stimuli. These activate internal evaluative states: how much the consumer trusts the 

recommendation and how risky the purchase feels. These internal states determine whether 

the consumer is willing to book (Mehrabian & Russell, 1974). 

S-O-R has been applied to intention outcomes similar to those in this research. Animesh et 

al. (2011) apply S-O-R to virtual-world commerce in MIS Quarterly, with technological, 

social presence, and spatial environment features as the stimulus, telepresence and flow as 

the organism, and intention to purchase virtual products as the response. Kim et al. (2020) 

extend S-O-R to virtual reality tourism, modeling authentic experience as the stimulus, 

cognitive and affective responses as the organism, and intention to visit the destination 

shown in VR as the response. The fit is imperfect: neither study isolates a written 

explanation as part of the stimulus, and neither manipulates the price of the recommended 

purchase. The S-O-R chain is still useful because it captures the basic structure of the study 

design, and because the two cited applications confirm that the chain works in digital 

purchase contexts where the consumer never touches the product before deciding, with an 

intention variable as the main outcome. 
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2.2 Dependent Variables: Purchase Intention and Perceived 

Usefulness 

2.2.1 Purchase Intention 

Definition 

 

Purchase intention is the consumer's subjective probability of performing a specific 

purchase behaviour in the near future (Fishbein & Ajzen, 1975; Ajzen, 1991). In 

recommendation system research, purchase intention reflects the likelihood that a user will 

act on a recommendation by completing the transaction it suggests (Pu et al., 2011; Wang 

& Benbasat, 2009). In the present study, the consumer's stated their likelihood of booking 

the flight that the AI assistant has recommended. 

What drives Purchase Intention 

Trust and perceived risk have been established as key determinants of purchase intention 

in the context of e-commerce. Trust has been identified as both an antecedent of perceived 

usefulness and a direct predictor of behavioural intention in online purchase contexts 

characterized by information asymmetry (Gefen et al., 2003; Pavlou, 2003). When trust is 

high, consumers are more willing to accept the vulnerability of an online transaction and to 

commit (Pavlou, 2003; Jarvenpaa et al., 2000; Gefen et al., 2003). Perceived risk, on the 

other hand, has consistently been shown to lower purchase intention. When the expected 

cost of a wrong decision is high, consumers raise the threshold of confidence required 

before committing, and non-action becomes the default (Mitchell, 1999; Pavlou, 2003). 

Purchase Intention and Purchase Behaviour 

A persistent gap exists between behavioural intention and actual behaviour. Warshaw and 

Davis (1985) distinguish between behavioural intention (what one plans to do) and 

behavioural expectation (what one believes will happen) and find that the two differ 

systematically. Jarvenpaa et al. (2000) treat stated intention to buy as a reasonable predictor 

of subsequent purchase behaviour across comparable online shopping sites. The intention 

measure used in this study should be interpreted in the same way as a strong proxy for 

actual booking behaviour in the experimental booking context. Sheeran (2002) empirically 
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confirms this in a meta-analysis of 10 prior meta-analyses, reporting a sample-weighted 

average correlation of r = 0.53 between intention and subsequent behaviour. The correlation 

rose to 0.82 after correcting for dichotomization and measurement error. 

2.2.2 Perceived Usefulness 

Definition 

Perceived usefulness is the degree to which an individual believes that using the system 

will help them attain gains in job performance (Davis et al., 1989). Within the technology 

acceptance literature, perceived usefulness is often seen as an antecedent of behavioural 

intention, alongside ease of use (see Chapter 2.1). 

What drives Perceived Usefulness 

In the recommender systems and online purchasing literature, a key variable shown to 

influence perceived usefulness is trust. Gefen et al. (2003) argue that trust is needed to 

establish the vendor's credibility in delivering on promises, and, by extension, the 

consumer's ability to accomplish their task on a website. Pavlou (2003) similarly argues 

that in the absence of trust, the consumer is less inclined to expect any utility gains from 

using an interface. 

2.3 Transparency 

The term "transparency" is itself a container term, meaning different things to different 

people (Fox, 2007; Miller, 2019). What transparency means in a specific situation often 

remains poorly defined. This study uses the definition developed by Wanner et al. (2022), 

who define transparency as the system's ability to explain and reveal its decision rationale 

to the user through visual means. 

2.3.1 Explainability as a Form of Transparency 

For a lay user, the internal mechanics and algorithmic complexities behind an explanation 

are often of secondary importance. Werz et al. (2024) highlight that users, who typically 

lack a technical background, prioritize whether the information provided is sufficient to 

clarify why a specific recommendation was made in their case. This shift in focus 

emphasizes the necessity of "local transparency", which prioritizes the logic behind 
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individual outputs over the broader architectural "global transparency" of the system. This 

necessity leads to the related concept of explainability, a mechanism that increases 

transparency (Werz et al., 2024). Explainability is a specific form of transparency, namely 

the active display of reasons for an AI's decisions (Miller, 2019; Barredo Arrieta et al., 

2020). 

2.3.2 What constitutes a “good” Explanation? 

While the definition of explainability is broad and what constitutes a "good" explanation 

differs between studies, Miller (2019) identifies four key characteristics of an effective 

explanation: 

Contrastive Nature: People rarely ask why something happened in a vacuum. They ask 

why it happened instead of something else. A user does not ask why event X happened; 

they ask why X happened and not Y. 

Selective Bias: People do not want the full causal chain. They pick one or two main causes 

from many possible ones, and the causes they pick depend on their own mental shortcuts 

and biases. 

Causal Over Statistical: AI runs on probabilities, but probabilities rarely satisfy people. 

A statistical pattern is less useful to a human than a clear cause-and-effect story. The most 

statistically likely explanation is often not the most useful one. 

Social Interaction: Explanations are a social form of knowledge transfer. They function 

as a conversation in which information is tailored based on the explainer's perception of the 

listener's existing beliefs. 

2.3.3 The Effect of Transparency on Purchase Intention and Perceived Usefulness 

Much of the literature on transparency and purchase intention is consistent in finding a 

positive effect of transparency on purchase intention (in the context of TAM and UTAUT). 

Wang and Yin (2021) found that AI explanations positively affected decision-making 

quality and willingness to follow recommendations. Tintarev and Masthoff (2007) 

similarly showed that providing explanations for recommender outputs increased user 

acceptance. Sinha and Swearingen (2002) provide evidence that consumers prefer 

recommendations from systems whose reasoning they can see. Chen et al. (2024) found 
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that the presence of an explanation raised purchase intention by increasing interpretability. 

Transparency also plays a key role in both increasing trust (see chapter 2.4) and lowering 

perceived risk (see chapter 2.5), both of which are strong predictors of purchase intention 

(see chapter 2.2.1). The following is therefore hypothesized: 

 

 H1: Higher transparency leads to higher purchase intention. 

 

 

Similarly, trust is a determinant of perceived usefulness in e-commerce (see Chapter 2.2.2). 

By increasing trust, transparency would therefore also positively affect perceived 

usefulness (Wanner et al., 2022). 

 

  H2: Higher transparency leads to higher perceived usefulness. 

2.4 Trust 

2.4.1 Definition and Key Dimensions 

Trust is the consumer's willingness to accept vulnerability based on positive expectations 

about another party's actions (McKnight et al., 1998, 2002). In this study, trust captures the 

consumer's confidence in the AI booking assistant and in the specific flight 

recommendation it produces. McKnight et al. (1998, 2002) decompose trust into three 

trusting beliefs: competence (the AI can provide accurate recommendations), benevolence 

(the system is oriented toward the user's interests), and integrity (the system is honest and 

does not mislead the user). 

2.4.2 The effect of Transparency on Trust 

While evidence on the effect of transparency on trust is mixed, the broader consensus 

supports the view that transparency has a positive effect on trust. By outlining the logic 

behind how a recommendation was made, a system reduces the user's uncertainty and 

increases the perception of the system as competent (Rahman, 2025; Cramer et al., 2008). 
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The act of disclosing the system's logic serves as a signal of honesty and reliability (Park 

& Yoon, 2025). Kizilcec (2016) further found that transparency serves as a means to restore 

trust when user expectations have been violated. He also argued, however, that the effect 

of transparency on trust is not without limits. While identifying a positive relationship 

between transparency and trust, he found that a lengthy explanation eroded trust rather than 

building it. Schmidt et al. (2020) further show that transparency reduces trust when the 

explanation exceeds users' ability to comprehend, via the mechanism of cognitive overload. 

Both Scharowski et al. (2022) and Werz et al. (2024) provide further evidence of boundary 

conditions in which the effect of transparency on trust is reversed, and underscore the 

importance of the type and form of explanation in shaping this relationship. 

In this study, in the absence of prior interaction with the fictional tool used in the 

experiment, transparency may serve as a signal of both honesty and competence. 

Furthermore, the recommendation is provided in the context of an online purchase decision, 

where the transaction's distant, impersonal nature creates uncertainty about the purchase 

process (Pavlou, 2003). Pavlou (2003) argues that mechanisms that reduce uncertainty can 

facilitate trust in online transactions. As such, transparency is expected to positively affect 

trust. Additionally, trust is particularly important as a determinant of purchase intention 

and perceived usefulness in situations characterized by greater uncertainty (Pavlou, 2003). 

It can therefore be argued that trust mediates the relationship between transparency and the 

dependent variables, purchase intention, and perceived usefulness. 

 

 H3: Higher transparency leads to higher trust. 

 

 H4: The relationship between transparency and purchase intention is mediated by trust. 
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 H5: The relationship between transparency and perceived usefulness is mediated by trust. 

2.5 Perceived Risk 

2.5.1 Definition and Key Dimensions 

Perceived risk is a central concept in consumer behavior and has been widely studied across 

both traditional marketing and digital contexts for over fifty years. Originally introduced 

by Raymond A. Bauer (1960, as cited in Mitchell, 1999), the concept refers to the 

uncertainty and potential negative consequences associated with a purchase decision. In 

modern literature, perceived risk is generally understood as a multidimensional concept 

comprising financial, performance, physical, psychological, and social risks (Jacoby & 

Kaplan, 1972). 

Financial risk refers to the potential for monetary loss associated with a purchase decision 

(Jacoby & Kaplan, 1972). As this study specifically examines the effect of transparency 

under varying price conditions, financial risk is deemed the most relevant dimension of 

perceived risk, given its direct conceptual link to price, and will therefore be emphasized 

throughout the paper. 

2.5.2 The effect of Transparency on Perceived Risk 

Cox and Rich (1964) emphasize perceived risk as a function of two factors: the amount at 

stake and the level of subjective certainty regarding the outcome. They argue that 

consumers typically seek to reduce perceived risk before making a purchase by increasing 

certainty. The authors further identify two main types of consumers based on the form of 

risk reduction they adopt: those who rely on prior experience and those who rely on external 

information. In the context of AI recommender systems, transparency, through 

explainability, serves the latter purpose. Dabholkar and Sheng (2012) make a similar 

argument but for consumer participation rather than transparency in the context of 

recommender systems. They also establish the negative effect of financial risk, specifically 

on purchase intention. These arguments, combined with the established relationship 

between perceived risk and purchase intention in general (see Chapter 2.2.1), indicate that 

perceived risk mediates the relationship between transparency and purchase intention. 
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H6: The relationship between transparency and purchase intention is mediated by perceived 

risk 

2.6 Price and Transparency 

Price plays a central role in defining how a consumer approaches a purchasing decision. 

First, price is closely tied to perceived financial risk. It is one of the two variables in the 

perceived risk equation defined by Cox and Rich (1964), with perceived risk being a central 

determinant of purchase intention (Dabholkar & Sheng, 2012). It follows that a price 

increase increases the need for a risk-reduction measure to lower uncertainty before the 

consumer engages in purchasing behavior. Transparency is therefore expected to have a 

stronger effect on purchase intention and perceived usefulness in the high-price context. 

 H7: Higher transparency leads to higher purchase intention when price is high. 

 

 

 H8: Higher transparency leads to higher perceived usefulness when price is high. 

 

 

Second, Dabholkar and Sheng (2012) argue that when price (financial risk) is low, a higher 

level of consumer participation is likely to be viewed as unnecessary effort and is unlikely 

to increase trust. A similar logic applies to transparency in this study. Chapter 2.4.2 

highlights how transparency can negatively affect trust through cognitive overload and 

specifically cites Kizilcec (2016), who found that lengthy explanations eroded trust rather 

than building it. Combining these two arguments, while transparency would lead to higher 

levels of trust when needed in a high-price context, it would also lead to lower levels of 

trust when lengthy and unnecessary in a low-price context. Price is therefore expected to 

moderate the relationship between transparency and trust. 
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 H9: The relationship between transparency and trust is moderated by price. 

Third, since transparency is expected to be most relevant when the financial stakes 

of the decision are high, the proposed psychological mechanisms are likewise 

expected to be most relevant in high-stakes contexts. Trust and perceived risk are 

therefore conceptualized as mechanisms through which transparency may influence 

consumer responses, particularly when consumers face substantial financial risk. In 

low-price contexts, the need for additional certainty is weaker, meaning that 

transparency is less likely to meaningfully affect trust or perceived risk. 

Consequently, the indirect effects proposed in H4–H6 are expected to be most 

relevant under high-price conditions. 

 

2.7 Control variables 

To isolate the effects of transparency and the other focal constructs in the model, it is 

necessary to control for individual differences known to influence technology adoption 

and online purchasing behavior. In the context of recommender systems, artificial 

intelligence, and technology adoption more broadly, such individual differences play a 

key role in shaping how users interact with specific technologies. Pavlou’s (2003) model 

of online purchasing includes three individual-difference-related control variables: web 

retailer reputation, satisfaction with prior online transactions, and web-shopping 

frequency. These variables capture important aspects of experience and trust in e-

commerce settings. However, because the focal object in this study is an AI recommender 

system rather than a specific retailer or online channel, these controls are not sufficient on 

their own. 

 

AI is a polarising technology: many users express concerns that are directed at the 

technology itself rather than at particular firms or platforms. Some consumers are highly 

open to adopting AI, while others are reluctant, and this initial openness toward AI 

substantially shapes how they interact with AI-based systems. A more positive baseline 
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level of openness can lead users to follow AI recommendations even when explanations 

are minimal. In contrast, lower openness can hinder meaningful interaction with the AI 

system, fostering skepticism and lower trust. Recent work on trust and attitudes toward 

AI shows that global AI-related predispositions influence how individuals evaluate and 

engage with AI systems (Afroogh et al., 2024). In line with this perspective, the present 

study includes initial openness toward AI as an AI-specific control variable. 

Conceptually, it captures a baseline stance toward AI-powered technologies that 

complements, rather than replaces, the more traditional e‑commerce controls proposed by 

Pavlou (2003). 

 

Beyond AI- and e‑commerce‑specific controls, it is also important to account for general 

differences in technology adoption identified in models such as TAM and UTAUT. Over 

time, these frameworks have highlighted four key individual differences that shape 

relationships between constructs and influence users’ attitudes and behaviours: age, 

gender, prior experience, and voluntariness of use (Venkatesh et al., 2012). In this study, 

age and gender are retained as control variables, and prior experience with AI 

recommender systems for online purchases is also included to capture the role of usage 

frequency, analogous to Pavlou’s (2003) web-shopping frequency. Voluntariness of use is 

omitted, as the use of AI recommender systems for flight purchases in this context is 

inherently voluntary and thus does not vary across respondents. 

 

Taken together, the analyses control for age, gender, prior experience with AI recommender 

systems for online purchases, and initial openness toward AI, ensuring that these individual 

differences do not confound the estimated effects of transparency and the other focal 

constructs. 

2.8 Summary of the model 

This study tests how the effect of transparency on purchase intention and perceived 

usefulness varies with price level. 

The logic of the study design draws mainly on the S-O-R model, which provides the basic 

causal chain: transparency and price as the stimuli, trust and perceived risk as the 

organisms, and purchase intention and perceived usefulness as responses. TAM literature 
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and Pavlou's (2003) extension of TAM to e-commerce were then used to identify key 

psychological mechanisms driving the effect of transparency and to examine how the 

study's variables interact with one another. UTAUT literature was used to identify relevant 

control variables. The literature on the relationship between perceived risk and purchasing 

behavior was then used to hypothesize differences in the effects of transparency across 

price levels. Specifically, transparency and the psychological mechanisms through which 

it operates are expected to be most relevant in high-price contexts, where consumers face 

greater financial risk and uncertainty. This leads to the following hypotheses: 

Hypothesi

s 

Statement Type 

H1 Higher transparency leads to higher purchase intention. Direct effect 

H2 Higher transparency leads to higher perceived 

usefulness. 

Direct effect 

H3 Higher transparency leads to higher trust. Direct effect 

H4 The relationship between transparency and purchase 
intention is mediated by trust. 

Mediation 

H5 The relationship between transparency and perceived 
usefulness is mediated by trust. 

Mediation 

H6 The relationship between transparency and purchase 
intention is mediated by perceived risk. 

Mediation 

H7 Higher transparency leads to higher purchase intention 
when price is high. 

Conditional 

effect 

H8 Higher transparency leads to higher perceived 
usefulness when price is high. 

Conditional 

effect 

H9 The relationship between transparency and trust is 
moderated by price. 

Moderation 

 
Table 1, Hypotheses. 
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If transparency only affects purchase intention and perceived usefulness (the dependent 

variables) in the high‑price condition, then the mediation hypotheses (H4, H5, and H6) are 

only expected to hold in that condition and will therefore be tested exclusively in the 

high‑price condition. 

 

 
(Figure 4, conceptual model) 
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3. Methodology 

3.1 Research Design 

This study adopts a quantitative, experimental research design, following the deductive 

approach described by Bryman and Bell (2011), in which hypotheses are derived from 

existing theory and then tested through structured empirical data collection (see Chapter 2 

for hypothesis development). A deductive approach is appropriate here because the study 

builds directly on established theoretical frameworks, specifically the Technology 

Acceptance Model (TAM), trust theory, and perceived risk literature, and seeks to test how 

specific manipulations influence a set of dependent variables (see chapter 2). A quantitative 

strategy is therefore the natural choice: the goal is to measure correlations among variables 

in a sufficiently large sample and draw conclusions about their relationships (Bryman & 

Bell, 2011; Broström & Wennberg, 2025). A qualitative approach was deliberately not 

used, as qualitative methods are not designed to test causal hypotheses across groups or to 

generalize findings to a broader population, but rather to develop theory through an 

inductive approach (Bryman & Bell, 2011). 

More specifically, the study employs a 2×2 between-subjects experimental design, in which 

each participant is randomly assigned to one of four conditions and exposed to only that 

condition throughout. The design manipulates two independent variables, price (low vs. 

high) and transparency level (low vs. high), resulting in four distinct scenarios. This 

structure allows both the main effects of each independent variable and their potential 

interaction to be examined within a single study (Söderlund, 2018). The Central Limit 

Theorem further supports the use of parametric tests. As long as the sample per cell is 

reasonably large, the sampling distribution of means will approximate normality even for 

the ordinal Likert data used throughout this survey (Broström & Wennberg, 2025). The 

research context, AI-assisted flight booking, positions the study within the literature on 

algorithmic recommender systems (see chapter 1.1) and technology acceptance (see 

chapter 2.1) (Gefen et al., 2003). Experiments are particularly well suited to this context 

because random assignment eliminates pre-existing differences between groups, allowing 

observed differences in the dependent variables to be attributed to the manipulations 

themselves (Shadish et al., 2002; Söderlund, 2018). 
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3.2 Experimental Design 

Participants were randomly assigned to one of four conditions arising from the 2×2 crossing 

of price level and transparency level. In the low-price conditions, the scenario described a 

flight search from Stockholm to Warsaw, a relatively affordable short-haul route. Under 

high-price conditions, the destination was Rio de Janeiro, which represented a more 

expensive long-haul flight (see Appendix A). The consumer's subjective evaluation of a 

price as high or low, referred to here as perceived price level, is distinct from the objective 

price point and is verified empirically through the manipulation check item discussed in 

chapter 3.3 (Völckner, 2008). 

3.2.1 Price manipulation and validity considerations 

This operationalization has implications for construct validity that must be acknowledged. 

The destination swap means that price level is not manipulated in isolation: Warsaw and 

Rio de Janeiro differ not only in price, but also in travel distance, flight duration, connection 

complexity, and potentially in the degree of unfamiliarity a Swedish consumer may have 

with the destination. Thus, price is not manipulated in complete isolation from other route 

characteristics. 

An alternative design was considered and ultimately rejected for two reasons. Presenting 

two unreasonably different prices for an identical product risks undermining the credibility 

of the scenario: participants familiar with online flight booking are unlikely to find it 

plausible that the same route, airline, and fare class could cost, for example, 800 SEK and 

6,000 SEK simultaneously. This would undermine ecological validity. Furthermore, the 

price variation observed in real flight booking environments is typically tied to route 

characteristics such as distance, airline competition, and seasonality, rather than to arbitrary 

price-point changes for an otherwise identical flight. A design that reflects this natural 

covariance is therefore more representative of how consumers actually encounter price in 

this context, even at the cost of perfect construct isolation (Shadish et al., 2002; Cook & 

Campbell, 1979). Consequently, the effects attributed to price in this study should be 

interpreted with caution, as they may partly reflect correlated factors such as complexity, 

destination familiarity, and travel distance. At the same time, in flight booking and many 

other markets, price is naturally confounded with such factors, so the design mirrors the 

way consumers encounter prices in practice. 
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3.2.2. Transparency manipulation and stimuli 

Transparency was manipulated by varying the information the AI assistant communicated 

alongside its recommendation. In the low-transparency conditions, the flight result was 

displayed without any explanation of the AI’s reasoning and was accompanied by a short 

filler text describing the destination. In the high-transparency conditions, the AI also 

provided a brief explanation of how it had weighted price and travel time. Each condition 

began with an identical introductory text, ensuring that any differences in responses could 

be attributed to the experimental manipulations rather than to differences in framing. When 

groups are equivalent at baseline, post-manipulation differences in the dependent variables 

can be attributed to the manipulations themselves (Shadish et al., 2002; Cook & Campbell, 

1979). 

The booking-portal screenshots used as visual stimuli followed common practice in 

experimental research on digital interfaces (e.g., Werz et al., 2024; Rosenberger et al., 

2025). All screenshots were created in Lovable using an identical visual layout across 

conditions (see Appendix B for the prompt). The only differences between conditions were 

the destination, the price, and the presence or absence of the AI explanation. 

 

3.2.3 Pre-studies and refinement of transparency manipulation 

A first pre-study (N = 30) indicated that the initial transparency manipulation did not 

produce a significant difference in perceived transparency, prompting a revision of the 

high-transparency text. To strengthen the manipulation, a new structured prompt was 

developed in Gemini, based on transparency criteria derived from Miller (2019) and Werz 

et al. (2024) and outlined in section 2.4.2. The prompt required the explanation to contrast 

the recommended flight against alternatives, list only selection criteria relevant to the user’s 

stated preferences, and cite the data sources consulted (see Appendix C). Using this prompt, 

a revised high-transparency explanation was first generated for the high-price flight. The 

AI was then instructed to produce the explanation for the low-price flight by using the high-

price explanation as a template, so that the low-price explanation was structurally identical 

to the high-price one in terms of selection criteria, level of detail, and comparative structure, 

with only content adjustments needed to reflect the different route. 



 

25 

After the revised explanations were generated, the filler text used in the low-transparency 

conditions was adjusted to match the explanations in length, ensuring that any observed 

differences between conditions would reflect the presence or absence of AI reasoning rather 

than differences in text length (see Appendix D). All texts were checked for realism and 

factual correctness before inclusion. 

A second pre-study (N = 23) confirmed that the revised stimuli produced a large and 

statistically significant difference in perceived transparency overall (diff = 1.71, t(21) = 

3.44, p = .003, d = 1.44, 95% CI [0.50, 2.35]) and in the high-price condition (diff = 2.00, 

t(9) = 2.56, p = .031, d = 1.55, 95% CI [0.14, 2.90]). In the low-price condition, the effect 

size was similarly large (d = 1.30, 95% CI [−0.01, 2.55]), although the difference narrowly 

missed conventional significance (diff = 1.53, t(10) = 2.21, p = .051), likely due to the small 

subgroup size. Overall, these results indicated that the revised transparency manipulation 

functioned as intended before the main data collection. 

 

 

3.2.1 Manipulation Checks 

To verify that the experimental manipulations operated as intended, the final block of the 

survey included manipulation-check items. Participants rated how they perceived the flight 

price (high vs. low) and how transparent they perceived the AI system to be. These 

measures are used to confirm that the price and transparency conditions induced the 

expected differences in perceived price level and perceived transparency before drawing 

conclusions about the effects on the main outcome variables, in line with standard practice 

in experimental marketing research (Söderlund, 2018). 

 

3.3 Measures 

All constructs, except for the screener, the two demographic items, and the attention check, 

are measured using multi-item Likert scales anchored from 1 (strongly disagree) to 7 

(strongly agree), with an additional 'Don't know' option. Multi-item scales are used because 

they improve reliability (see chapter 3.7) by averaging out random measurement error, and 

the 'Don't know' option allows respondents to signal genuine uncertainty rather than 

guessing, which reduces noise in the data (Churchill, 1979; Nunnally, 1978). Likert scales 
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are technically ordinal: the response options have a ranked order, but the psychological 

distance between adjacent points is not guaranteed to be equal. Treating them as interval-

level data, which enables the calculation of means and the use of parametric tests such as 

ANOVA, is standard and broadly accepted practice in marketing and social science survey 

research. This assumption is followed throughout this study but is acknowledged as a well-

known weakness of the Likert scale (Broström & Wennberg, 2025). Some measures, 

including perceived risk and trust, were compressed due to survey length constraints. 

Perceived Risk (3 items) 

Perceived risk is measured using two items capturing financial risk and a third item 

capturing general risk factors in the context of the AI-assisted booking recommendation. 

The two financial risk items are adapted from Jacoby and Kaplan's (1972) foundational 

perceived risk scale. 

Trust (6 items) 

Trust is measured across six items reflecting the three core dimensions of competence, 

benevolence, and integrity, consistent with the trust framework established by McKnight 

(2011) and adapted to the AI recommender context (see chapter 2.4). 

Perceived Usefulness (3 items) 

Perceived usefulness is measured with three items adapted from Davis (1989) and 

Venkatesh et al. (2003). 

Initial Openness (1 item) and Prior Experience (1 item) 

Initial openness to AI and prior experience were both captured using single items as 

controls for general individual disposition toward AI tools and purchase-specific AI tool 

usage, respectively. 

Purchase Intention (1 item) 

Purchase intention was measured through a single item asking the user about the likelihood 

of purchasing the ticket recommended by the AI assistant. Bergkvist and Rossiter (2007) 

show that single-item measures are appropriate for constructs with a concrete singular 

object and a concrete attribute, which applies to purchase intention for a specific AI-
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recommended flight. Söderlund et al. (2001) further note that single-item measures of 

intention have dominated the purchase intention literature. 

Adoption Intention (4 items) 

Items for adoption intention were adapted from prior literature in the contexts of artificial 

intelligence adoption (Shi et al., 2021) and tourism (Kaushik et al., 2015), in addition to 

Venkatesh et al. (2012). The construct was collected as a covariate of purchase intention to 

verify that purchase intention was not sensitive to specific framing. The high correlation 

between the two measures (r = .70, p < .01; see Table 7) confirms this view. 

Manipulation Checks (4 items) 

Four items serve as manipulation checks. Perceived transparency is assessed with three 

items adapted from Sinha and Swearingen (2002) and Rosenberger et al. (2025), capturing 

the participant's perceived transparency. One item was dropped from the study to improve 

the reliability of the scale (Table 3). Perceived price level is assessed with one item adapted 

from Lichtenstein et al. (1993). To align this study with the usual design of Norstat surveys, 

these questions were asked toward the end of the survey. 

3.4 Survey Structure 

The survey opens with a screener question asking whether the participant has ever booked 

a flight online. Respondents who answer negatively are immediately excluded, as prior 

booking experience is a prerequisite for the scenario to be meaningful. Following the 

screener, two brief demographic items collect age and gender. The target age group of 20 

to 39 is enforced at this stage, and respondents outside this range are filtered out. This 

restriction ensures the sample is drawn from the cohort with the highest rates of online 

travel booking and AI tool adoption, making it directly relevant to the study's context 

(Eurostat, 2026), while also reducing heterogeneity in prior digital experience that could 

confound the experimental comparisons (Bryman & Bell, 2011; Shadish et al., 2002; 

Söderlund, 2018). 

After the demographic items, participants are randomly assigned to one of the four 

experimental conditions via Qualtrics Survey Flow and encounter their specific scenario 

and screenshot. The question blocks that follow are presented in a fixed order: perceived 
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risk, trust, perceived usefulness, attention check, perceived credibility, individual 

disposition, and finally the behavioral outcome items, followed by the control variables. 

This structure aligns with the default design of a Norstat survey. Constructs most directly 

tied to the scenario are measured first, while general disposition items, behavioral 

outcomes, and control variables come later, to avoid priming effects that could inflate 

correlations between constructs (Broström & Wennberg, 2025; Churchill, 1979). Page 

breaks between construct blocks reduce satisficing and ensure each construct is evaluated 

as a fresh, separate judgment (Churchill, 1979). An attention check item was embedded 

midway, and participants who completed the survey in less than 50% of the median 

completion time were flagged for exclusion, as this duration was considered insufficient 

for meaningful engagement with the stimulus material (Söderlund, 2018). The 

straightlining cut-off point was set at 80%, in line with best practices (Kim et al., 2019). 

3.5 Sampling and Data Collection 

The target population consists of Swedish adults between 20 and 39 years of age who have 

booked a flight online at least once. This demographic is the most directly relevant group 

for studying responses to AI-assisted flight recommendations, as it combines high rates of 

online travel booking with relatively high familiarity with AI tools (Eurostat, 2026; Statista, 

2026). This increases internal validity but limits generalizability, a well-known limitation 

of this study (Söderlund, 2018). Requiring prior booking experience is important because, 

without it, participants would be unfamiliar with the task context and their responses would 

reflect confusion rather than genuine psychological reactions to the manipulations 

(Söderlund, 2018). Data were collected via Norstat, a professional Swedish market research 

panel, which is a well-established method for reaching a broad demographic range within 

a target population in experimental consumer research (Söderlund, 2018). 

Because a between-subjects design means each respondent sees only one condition, a larger 

overall sample is required than would be needed for a within-subjects design (Shadish et 

al., 2002). For a 2×2 factorial design, the literature generally recommends a minimum of 

30 to 50 respondents per cell for medium-sized effects (Cohen, 1992). To ensure higher 

data quality and more stable estimates, this study targeted approximately 80 to 90 

participants per condition, giving a total target of around 320 respondents. The survey was 

administered in Swedish, as this reduces cognitive load and minimizes the risk of scale item 
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misinterpretation, improving construct validity (Churchill, 1979). The survey was 

originally drafted in English, then translated into Swedish and validated by Swedish-

speaking peers and by Norstat to ensure accurate translation. 

The main study was administered via the Norstat consumer panel between March 30 and 

April 14, 2026. A total of N = 669 responses were collected. The data were first cleaned 

manually using Microsoft Excel. 17 observations were removed based on the age criterion 

(Age below 20 and above 39), 94 were omitted based on the screening criterion (no prior 

online flight booking experience), and 25 were excluded for incomplete responses, leaving 

533 responses. The second step of cleaning was performed in Stata, removing 44 

respondents who failed the attention check, 33 who completed the survey below the 

minimum time threshold (set at 50% of the median completion time of 220 seconds, 

following Greszki et al., 2015), and 15 who had a straightlining percentage above 80% 

(Threshold recommended by Qualtrics (2024)). For the remaining 441 observations, A 

third cleaning measure was undertaken to remove the 77 participants whose answers to AI1 

and AI2 were similar, since these two items are reverse-coded. A final sample of N = 364 

remained for analysis. 

Randomization check 

To verify that randomization was successful across the four groups, a chi-square test of 

independence was conducted on the distribution of participants across the four conditions. 

The results indicate that the group sizes did not differ significantly (χ²(1) = 0.35, p = .553). 

Randomization is therefore deemed successful. 

 

 
 

 

Pearson chi2(1) = 0.352 Pr = 0.553  

 Low 
Transparency 

High 
Transparency 

Total 

Low Price 103 92 195 

High Price 84 85 169 

Total 187 177 364 
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Table 2, sample analysis. 

3.6 Analytical Strategy 

The analytical strategy follows two stages. First, the hypotheses are tested on the full 

sample. Second, if H7 holds and H1a does not, the analysis focuses exclusively on the high-

price subsample to examine the mediation paths in the condition where motivation is 

expected to be strongest. 

The analysis then proceeded sequentially. First, descriptive statistics, including means, 

standard deviations, and item-level distributions, were computed for all constructs to 

identify any distributional issues before inferential testing. Second, manipulation checks 

were examined using independent-samples t-tests, comparing the price perception item 

across price conditions and the transparency perception items across transparency 

conditions, to confirm that the manipulations worked as designed (Broström & Wennberg, 

2025). Third, construct reliability was assessed for each multi-item scale using Cronbach's 

alpha, with α ≥ 0.70 as the minimum acceptable threshold (Nunnally, 1978; Churchill, 

1979). 

The main hypotheses (see chapter 2) were tested using two-way ANOVA, which is the 

appropriate method for factorial between-subjects designs with two categorical 

independent variables (Broström & Wennberg, 2025; Shadish et al., 2002). Both main 

effects and interaction effects were examined. A contrast analysis was then conducted to 

test H7 specifically and to examine whether transparency had an effect on purchase 

intention and perceived usefulness. The effect of transparency on trust was assessed in a 

similar fashion to test hypothesis H2. Mediation and moderation analyses were conducted 

using the PROCESS macro with bootstrap confidence intervals to handle the non-normal 

distribution of indirect effects (Preacher & Hayes, 2008). 

All analyses were conducted in Stata. R was used specifically for the PROCESS macro and 

to generate the descriptive statistics and the correlation matrix. 

3.7 Validity and Reliability 

According to Bryman and Bell (2011), reliability refers to the consistency and repeatability 

of a measure, while validity concerns whether a measure captures what it is intended to 
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capture. Bryman and Bell (2011) identify several distinct forms of validity relevant to 

quantitative experimental research: internal validity, external validity, ecological validity, 

and construct validity. Each is addressed in turn below. 

3.7.1 Internal Validity 

Internal validity refers to whether observed differences between groups can genuinely be 

attributed to the manipulated independent variables rather than to other factors (Bryman & 

Bell, 2011; Shadish et al., 2002). The primary protection in this study is the random 

assignment of participants to conditions, which distributes pre-existing individual 

differences equally across groups so that post-manipulation differences are attributable to 

the conditions themselves (Shadish et al., 2002). A second protection is the use of a fully 

standardized scenario: the scenario text, booking interface layout, and all survey items are 

identical across conditions, with only the destination, the price, and the presence or absence 

of the AI explanation varying. The filler text in the low-transparency conditions matches 

the length of the explanation text in the high-transparency conditions, controlling for any 

outcome differences arising from text length (Cook & Campbell, 1979). Details of both 

texts are provided in the Appendix (see Appendix D). Finally, the attention check and 

speeding exclusions remove data from participants who were not genuinely engaging, 

reducing noise in the dataset (Söderlund, 2018). 

3.7.2 External Validity 

External validity concerns the degree to which findings can be generalized beyond the 

sample and setting of the study (Bryman & Bell, 2011; Shadish et al., 2002). The use of a 

professional consumer panel such as Norstat, rather than a convenience sample such as a 

student population, substantially improves external validity by producing a sample that is 

more representative of the target population of Swedish online travelers aged 20–39 

(Söderlund, 2018). That said, the study's generalizability is bounded by the specific 

demographic and the hypothetical scenario format. As outlined in the delimitations, 

findings may not extend directly to older age groups, other cultural contexts, or real 

booking environments where actual money is spent. 

3.7.3 Ecological Validity 
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Ecological validity refers to whether the study conditions and materials reflect the natural 

environment in which the behavior would occur (Bryman & Bell, 2011). The scenario 

format used here, in which participants view a screenshot of a booking interface and 

respond to hypothetical recommendations, is not a real transaction. The booking portal 

interface was, however, designed to resemble a professional commercial system, using the 

Skyscanner design as a reference. The scenario remains hypothetical, and findings should 

therefore be interpreted with care. 

3.7.4 Construct Validity 

Construct validity, which concerns whether measures actually capture the theoretical 

concepts they are intended to represent, is supported in this study by the use of established, 

previously validated scales from the trust, TAM, and perceived risk literatures (Bryman & 

Bell, 2011; Churchill, 1979). Each scale has a documented history of use in similar 

theoretical contexts (see chapter 3.3). Where items were reduced for survey length, the 

necessary adaptations preserved the original construct definitions. The inclusion of a 'Don't 

know' response option further supports construct validity by reducing measurement error 

from forced guessing (Broström & Wennberg, 2025). 

One construct validity concern specific to this study is the price manipulation. Because 

price level is manipulated via destination choice, differences observed between price 

conditions may partly reflect variation in other components, such as perceived trip 

complexity or greater unfamiliarity with long-haul flights, rather than financial 

involvement per se. This limitation is acknowledged in chapter 3.2. 

The correlation matrix (see Table 7) supports discriminant validity. Among the focal 

constructs, correlations ranged from -.56 (between perceived risk and trust in the agent) to 

.74 (between trust in the agent and perceived usefulness). While some constructs were 

moderately to strongly associated, these relationships were consistent with the theoretical 

model and remained below levels that would suggest conceptual overlap. Most 

importantly, no inter-construct correlation exceeded the recommended threshold of .85 

(Kline, 2005), providing further evidence that the constructs are empirically 

distinguishable. Overall, the correlation pattern supports the distinctiveness of the 

constructs in this study. 
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3.7.5 Reliability 

Reliability refers to the consistency of a measure: whether it produces stable, repeatable 

results across different items or occasions (Bryman & Bell, 2011). The most common threat 

to reliability in survey research is that individual items measuring the same underlying 

construct may capture slightly different constructs or be interpreted differently by 

respondents. The standard way to manage this is through multi-item scales, which average 

out the error associated with any single item and produce a more stable overall 

representation of the latent construct (Churchill, 1979; Nunnally, 1978). This logic is 

reflected in the measurement approach throughout the study: all key constructs are 

measured with multiple items wherever possible. Trust, being a particularly important and 

multidimensional construct, is measured using six items that span different elements of 

trust (see chapter 3.3). Perceived risk and perceived usefulness are each measured with 

three items. Bergkvist and Rossiter (2007) show that single-item measures are appropriate 

for constructs with a concrete singular object and a concrete attribute, which applies to 

purchase intention for a specific AI-recommended flight; this is in line with Söderlund et 

al. (2001). The screener, demographic questions, attention check, and single-item control 

variables also use a single response. 

At the analytical level, reliability was formally assessed using Cronbach's alpha for each 

scale. Cronbach's alpha measures the degree of inter-item consistency, that is, how strongly 

the items within a scale correlate with one another. Following the standard threshold 

established in the psychometrics literature, values of α ≥ 0.70 are considered the minimum 

acceptable level for social science research, while values above 0.80 indicate good 

reliability (Nunnally, 1978; Churchill, 1979). If any scale fell below this threshold, item-

level diagnostics were used to identify poorly loading items, which were then considered 

for removal. 

A further consideration is the stability of measurement across the experimental conditions. 

Because participants are randomly assigned to conditions, and because all survey items are 

nearly identical across groups, any systematic differences in scale scores between 

conditions should reflect genuine differences in responses to the situation rather than 

differences in how the items were understood or administered. This contributes to what 

Bryman and Bell (2011) refer to as the stability dimension of reliability: the idea that the 

measurement instrument performs consistently across different groups or contexts. The 



 

34 

between-subjects design also means that each respondent encounters only one condition, 

so there is no risk of reliability being undermined by fatigue or carry-over effects from 

repeated exposure to the same construct across conditions (Shadish et al., 2002). 

Before testing the main hypotheses, the internal consistency of each multi-item scale was 

assessed using Cronbach's alpha (see chapter 3.6), following the threshold of α ≥ 0.70 

recommended for social science research (Nunnally, 1978; Churchill, 1979). As shown in 

Table 3, all scales exceeded this threshold, and the majority exceeded 0.80, indicating good 

to excellent reliability. The trust scale showed the highest internal consistency (α = .911). 

Cronbach's alpha is not the optimal reliability measure for two-item scales (Eisinga et al., 

2013). Stata accounts for this by reporting the inter-item correlation, which Eisinga et al. 

(2013) identify as the appropriate alternative. 
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Variable Abbreviation 
Number 
of items 

Cronbac
h’s 
Alpha Item 

Item 
Alpha 

Perceived 
Transparency1 PT 3 0.8827 

PT1 0.7829 

PT2 0.7599 

PT3 0.9310 

Perceived risk PR 3 0.8347 

PR1 0.7705 

PR2 0.7135 

PR3 0.8275 

Trust in the agent TIA 6 0.9106 

TIA1 0.8983 

TIA2 0.8920 

TIA3 0.8935 

TIA4 0.8941 

TIA5 0.8901 

TIA6 0.8990 

Perceived 
usefulness PU 3 0.8789 

PU1 0.8470 

PU2 0.7813 

PU3 0.8533 

Adoption 
intention AI 4 0.9427 

AI1 0.9144 

AI2 0.9313 

AI3 0.9191 

AI4 0.9356 

 

Table 3, scale reliability. 

 

 

 

 
1 For perceived transparency, PT3 was dropped from the analysis.  
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3.8 Descriptive statistics 

3.8.1 Sample characteristics 

3.8.1.1 Demographics 
 
The sample was well balanced in gender, with 51.5% of participants identifying as female 

and 48.35% identifying as male (n = 2 identified as non-binary). The age distribution was 

well spread across the target range (20–39), with the exception of the 20–24 age group, 

which was underrepresented (12.91%) compared to the rest of the sample (see Table 4). 

     

Characteristic Category Frequency (n) Percentage 

(%) 

Cumulative 

(%) 

Age 20-24 47 12.91 12.91 

 25-29 109 29.95 42.86 

 30-34 99 27.2 70.06 

 35-39 109 29.95 100 

Gender Icke-binär 2 0.55 0.55 

 Kvinna 186 51.1 51.65 

  Man 176 48.35 100 

 

Table 4: demographic characteristics of the sample. 

 

3.8.1.2 Initial Openness and Prior Experience 
 

On average, participants scored higher on IO (M = 4.54, SD = 1.80) than on PRE (M = 

2.75, SD = 1.58), suggesting that the sample was receptive toward using AI 

recommendations, even though prior experience did not match that openness (see Table 5). 

A more detailed view of each response distribution is shown in Figure 5 for IO and Figure 

6 for PRE. 
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Variable n Mean SD Min Max 

IO 361 4.54 1.798 1 7 

PRE 362 2.746 1.579 1 7 

      

Note. IO = Initial Openness; PRE = Prior Experience with AI. Scale range: 1-7. 

Table 5, descriptive statistics for AI experience variables. 

 

 

 
(Figure 5, initial openness (IO): response distribution). 
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(Figure 6, prior experience with AI for purchasing (PRE): response distribution). 
 

Because initial openness toward AI and prior experience with AI recommender systems 

were measured after exposure to the experimental scenario, they could in principle be 

influenced by the manipulations, even though random assignment was handled by a 

professional survey provider (Norstat), which reduces the risk of systematic allocation bias. 

Both variables were captured through self-reported survey items intended to reflect 

relatively stable user characteristics. While the underlying dispositions are unlikely to 

change as a result of a single brief scenario, the reported scores may nevertheless be shaped 

by how participants experience the manipulation and how they reinterpret their own 

attitudes and experience in that context. To examine this possibility, the means of both 

variables were compared across the four experimental groups, and two-way ANOVAs with 

transparency and price as factors were estimated. For initial openness, the transparency × 

price interaction was significant, F(1, 357) = 4.68, p = .031, indicating that openness scores 

differed across conditions. For prior experience, both the main effect of transparency and 

the transparency × price interaction were significant, F(1, 358) = 5.72, p = .017, and F(1, 

358) = 4.95, p = .027, respectively, again showing systematic differences across cells. 

These patterns suggest that participants’ self-reported initial openness and prior experience 



 

39 

are likely to have been influenced, at least to some extent, by the transparency × price 

manipulation, even if their underlying traits remained stable. 

Despite this limitation, both variables are included as controls in the main analyses to 

account for individual differences in AI attitudes and prior exposure to AI recommender 

systems. However, because they are self-reported measures that are likely to be partially 

post-treatment, controlling for them may attenuate the estimated main and interaction 

effects of transparency. The results should therefore be interpreted with caution, as the 

observed transparency effects may represent conservative estimates of the true impact, 

particularly in the high-price condition where differences in initial openness and prior 

experience are most pronounced. 

       

Cell n M 

(IO) 

SD 

(IO) 

n M 

(PRE) 

SD (PRE) 
   

T Low / P 

Low 

102 4.559 1.755 103 2.709 1.512 

   

T Low / P 

High 

83 4.253 1.766 84 2.393 1.456 

   

T High / P 

Low 

91 4.418 1.995 91 2.736 1.632 

   

T High / P 

High 

85 4.929 1.609 84 3.155 1.654 

   

          
Note. IO = Initial Openness; PRE = Prior Experience with AI for Purchasing. T and P refer to 

experimental manipulations (0 = Low, 1 = High). Scale range: 1-7. 

 
Table 6, Mean and Standard Deviation of Initial Openness and Prior Experience by Experimental Cell. 
 

3.8.2 Descriptive statistics and intercorrelations 

Table 6 summarizes the descriptive statistics and correlations for all study variables. 

Overall, participants reported relatively high levels of perceived usefulness (M = 4.48, SD 

= 1.45), initial openness to AI (M = 4.54, SD = 1.80), trust in the agent (M = 4.15, SD = 

1.27), and perceived risk (M = 4.22, SD = 1.41). As expected, purchase intention was 
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positively correlated with trust in the agent (r = .52), perceived usefulness (r = .58), and 

initial openness (r = .47), and negatively correlated with perceived risk (r = -.47). These 

correlations are generally consistent with the proposed relationships in the theoretical 

framework, providing initial support for the model.  

Variable M SD 1 2 3 4 5 6 7 
                    
1. PI 3.43 1.79               
                    
2. PT 4.34 1.54 .54**             
      [.45, 

.61] 
            

                    
3. TIA 4.15 1.27 .52** .49**           
      [.44, 

.60] 
[.40, 
.57] 

          

                    
4. PR 4.22 1.41 -

.47** 
-
.30** 

-
.56** 

        

      [-.55, -
.38] 

[-.40, -
.20] 

[-.63, -
.49] 

        

                    
5. PU 4.48 1.45 .58** .49** .74** -

.49** 
      

      [.51, 
.65] 

[.40, 
.57] 

[.69, 
.79] 

[-.56, -
.40] 

      

                    
6. AI 3.34 1.66 .70** .52** .69** -

.60** 
.74**     

      [.64, 
.75] 

[.44, 
.59] 

[.63, 
.74] 

[-.66, -
.52] 

[.69, 
.79] 

    

                    
7. IO 4.54 1.80 .47** .37** .61** -

.41** 
.62** .64**   

      [.38, 
.54] 

[.27, 
.46] 

[.54, 
.67] 

[-.49, -
.32] 

[.55, 
.68] 

[.57, 
.69] 

  

                    
8. PRE 2.75 1.58 .42** .31** .49** -

.29** 
.43** .58** .62** 

      [.32, 
.50] 

[.21, 
.40] 

[.41, 
.57] 

[-.38, -
.19] 

[.34, 
.51] 

[.50, 
.64] 

[.55, 
.68] 

                    
 
 
Note.  PI = Purchase intention, PT = Perceived transparency, TIA = Trust in the agent, PR = Perceived risk, 
PU = Perceived usefulness, AI = Adoption intention, IO = Initial openness, PRE = Prior Experience with AI 
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for Purchasing. M and SD are used to represent mean and standard deviation, respectively. Values in square 
brackets indicate the 95% confidence interval for each correlation. The confidence interval is a plausible 
range of population correlations that could have caused the sample correlation (Cumming, 2014). * indicates 
p < .05. ** indicates p < .01. 
 
Table 7: means, standard deviations, and correlations with confidence intervals. 

3.9 Ethical Conditions 

The study was designed in compliance with standard ethical principles for social science 

research. Participation was entirely voluntary, and participants were free to withdraw at 

any point without consequence. Informed consent was obtained at the start of the survey: 

participants were told they were taking part in a study on AI-assisted travel 

recommendations, though the specific hypotheses were not disclosed in order to avoid 

demand characteristics (Söderlund, 2018). No personally identifiable information beyond 

age range and gender was collected, and all data were stored and handled in accordance 

with GDPR. Participants were fairly compensated through Norstat, in accordance with 

standard panel research practice. A brief debriefing note at the end of the survey explained 

the study's purpose and the artificial nature of the stimuli. The study does not involve 

vulnerable populations, sensitive personal data, or any form of physical or psychological 

harm; the ethical risks are therefore judged to be minimal. 
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4. Analysis and Results 

4.1 Manipulation Checks  

Before testing the main hypotheses, manipulation checks were conducted to verify that the 

manipulations functioned as intended. Perceived transparency was assessed using a three-item scale 

(α = .93), and perceived price level was assessed using a single item adapted from Lichtenstein et 

al. (1993). 

Transparency manipulation check 

Participants in the high-transparency condition reported higher perceived transparency (M = 4.51, 

SD = 1.53) than those in the low-transparency condition (M = 4.17, SD = 1.53), a difference that 

was statistically significant (diff = 0.34, t(332) = 2.02, p = .044) but small in magnitude (d = 0.22, 

95% CI [−0.77, −0.14]; Cohen 1988), raising questions about whether participants experienced 

the conditions as genuinely distinct. A post-hoc subgroup test indicated that the manipulation 

produced a moderate difference in perceived transparency in the high-price condition (diff = 0.72, 

t(156) = 2.87, p = .004, d = 0.46), and no meaningful difference in the low-price condition (diff = 

0.01, t(174) = 0.06, p = .953, d = 0.01). A post hoc subgroup test indicated that the manipulation's 

effect on perceived transparency was significant only in the high-price condition (high price: diff 

= 0.72, t(156) = 2.87, p = .004; low price: diff = 0.01, t(174) = 0.06, p = .953). Combined with the 

overall weak effect of the manipulation in the main sample, these results indicate that findings on 

the impact of transparency on trust, perceived risk, perceived usefulness, and purchase intention 

should be interpreted with caution, as the limited manipulation effect means that observed 

differences and lack thereof between conditions may not reliably reflect the effect of 

transparency. 

Price manipulation check 

Participants in the high-price condition perceived the tickets as significantly more expensive (M = 

4.35, SD = 1.48) than those in the low-price condition (M = 2.30, SD = 1.54), t(297) = 11.60, p < 

.001, indicating a successful manipulation. 

4.2 Main Effects 

4.2.1 Purchase Intention 

4.2.1.1 Main effects analysis 
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  Price 

  

  High Low 
Transparency High 3.39 3.76 

Low 2.84 3.66 

 
Table 8: Means for purchase intention. 

To test hypothesis H1, a two-way ANOVA was conducted with price and transparency as 

independent variables and purchase intention as the dependent variable. The overall model 

was significant (F(3, 337) = 4.60, p = .004), explaining approximately 4% of the variance 

in purchase intention (R² = .039). Price had a significant main effect on purchase intention 

(F(1, 337) = 9.74, p = .002), with participants in the low-price condition reporting higher 

purchase intention (M = 3.71) than those in the high-price condition (M = 3.11). 

Transparency, on the other hand, did not have a significant main effect on purchase 

intention (F(1, 337) = 2.98, p = .085), although the effect was in the expected direction, 

with participants in the high-transparency condition reporting marginally higher purchase 

intention (M = 3.59) than those in the low-transparency condition (M = 3.28). Finally, the 

interaction effect between price and transparency was non-significant (F(1, 337) = 1.39, p 

= .239), failing to support that price moderates the relationship between transparency and 

purchase intention. 

 

Hypothesis H1, which states that transparency has a positive effect on purchase 

intention, is not supported at the 5% confidence level. 

These results, however, may be due to the modest effect of the transparency manipulation 

or limited statistical power. The non-significant interaction effect is also consistent with 

the finding that, in the low-price condition, the manipulation failed to create a significant 

difference in the perceived level of transparency. A non-significant effect of transparency 

on purchase intention in the low-price condition is therefore to be expected. An exploratory 

contrast analysis was conducted to examine the effect of transparency separately within 

each price condition, and to test hypothesis H7, which states that transparency has an effect 

on purchase intention when price is high. 
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4.2.1.2 The Effect of Transparency on Purchase Intention under different Price 
conditions 

The results of the contrast analysis showed that in the high-price condition, transparency 

had a significant positive effect on purchase intention (F(1, 337) = 3.94, p = .048), with the 

high-transparency group reporting higher purchase intention (M = 3.39) than the low-

transparency group (M = 2.84). In the low-price condition, the effect of transparency on 

purchase intention was non-significant (F(1, 337) = 0.16, p = .689). 

 

Hypothesis H7, which states that transparency has a positive effect on purchase 

intention when price is high, is supported at the 5% confidence level. 

 

Pursuant to these findings, the transparency causation chain will only be explored under 

the high price condition, except for H9 (See Chapter 2.8).  

4.2.2 Perceived usefulness: 

 
 
 
  Price 

  

  High Low 
Transparency High 4.60 4.46 

Low 4.28 4.56 

 
Table 9, mean for perceived usefulness. 
 
To test hypothesis H2, a two-way ANOVA was conducted with price and transparency as 

independent variables and perceived usefulness as the dependent variable. The results 

revealed that neither price, transparency, nor their interaction had a significant effect on 

perceived usefulness (F(3, 348) = 0.82, p = .484, R² = .007). The cell means (low price / 

low transparency: M = 4.56; low price / high transparency: M = 4.46; high price / low 

transparency: M = 4.28; high price / high transparency: M = 4.60) were directionally 

consistent with the hypothesis, but the effect of transparency was not significant (F(1, 348) 
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= 0.50, p = .478). A contrast analysis confirmed that transparency had no significant effect 

on perceived usefulness in either the low-price condition (F(1, 348) = 0.23, p = .629) or the 

high-price condition (F(1, 348) = 2.00, p = .158). Perceived usefulness is therefore 

excluded from further analysis. 

 

 

Hypothesis H2 (and H8) stating that transparency has a positive effect on perceived 

usefulness (when price is high) is not supported at the 5% confidence level. 

4.3 Trust 

To test hypotheses H3 and H9, a 2×2 between-subjects ANOVA was conducted. The results 

showed that transparency had no significant effect on trust (F(1, 355) = 0.01, p = .90). The 

interaction effect between transparency and price was, however, marginally significant 

(F(1, 355) = 3.44, p = .07). While not significant at the conventional 5% level, this result 

provides directional evidence that the effect of transparency on trust is contingent on price 

level. A post-hoc exploratory contrast analysis was therefore conducted to provide a more 

nuanced view of this relationship (Table 10). 

  Transparency    

  Low High Difference F p-value 

Price Low 4.21 3.94 -0.27  2.10 0.148 

High 4.11 4.34 0.23 1.40 0.238 

 Joint - - - 1.75 0.175 

 
Table 10, contrast analysis of transparency on trust by price level 
 
While the contrast analysis yielded no significant results, it uncovered a directional finding: 

among low-price participants, transparency had a negative effect on trust (M-diff = −0.27, 

p = .148), in contrast to the high-price group, where the effect was positive (M-diff = 0.23, 

p = .238). This pattern helps explain the near-zero overall effect of transparency on trust in 

the full sample. While the results lack the significance required to accept hypothesis H9, 
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they provide directional evidence that transparency affects trust differently depending on 

price level, consistent with the theoretical framework (Chapter 2.8). 

 
 

Hypothesis H3, stating that transparency has a positive effect on trust, is not supported 

at the 5% confidence level. 

 

Hypothesis H9, stating that price moderates the relationship between trust and 

purchase intention, is not supported at the 5% confidence level. 

4.4 Trust and Perceived risk as mediators 

To test whether the effect of transparency on purchase intention operates through trust and 

perceived risk (H5 and H6), two mediation analyses were conducted using PROCESS 

Model 4. Following earlier findings indicating that transparency had no significant effect 

on purchase intention in the low-price condition, the mediation analyses included only 

participants in the high-price group (Trust: n = 157). 

4.4.1 Trust as a mediator: 

The direct effect of transparency on purchase intention was positive but non-significant at 

the conventional 5% level (effect = 0.402, t(154) = 1.68, p = .095). The indirect effect 

through trust was also non-significant (effect = 0.145, 95% CI [−0.164, 0.442]), indicating 

that trust did not mediate the relationship between transparency and purchase intention. 

Hypothesis H5 is therefore not supported. 

 

Hypothesis H5, stating that trust mediates the relationship between transparency and 

purchase intention, is not supported at the 5% confidence level. 

 

4.4.2 Perceived risk as a mediator: 

As with trust, perceived risk did not significantly mediate the relationship between 

transparency and purchase intention. The direct effect was positive and significant (effect 
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= 0.560, t(154) = 2.15, p = .033). The indirect effect, however, was not only non-significant 

but also close to zero (effect = −0.007, 95% CI [−0.129, 0.118]), a finding that does not 

align with the theoretical framework (Chapter 2). These results indicate that perceived risk 

does not mediate the relationship between transparency and purchase intention. Hypothesis 

H6 is therefore rejected. 

 

Hypothesis H6, stating that perceived risk mediates the relationship between 

transparency and purchase intention, is rejected. 

 

4.4.3 Summary of the mediation analyses: 

Neither trust nor perceived risk mediated the relationship between transparency and 

purchase intention. For perceived risk specifically, the indirect effect was close to zero, a 

finding inconsistent with hypothesis H6, which is therefore rejected. For trust, while the 

results were directionally consistent with the hypothesis, they were not significant; the 

hypothesis is therefore not supported. Limiting the analysis to the high-price group played 

a role in weakening the results in two key ways: (1) it reduced the sample size to 157 

participants, which is underpowered for a mediation analysis; (2) most of the variation in 

perceived financial risk could be attributed to price, so restricting the sample to the high-

price group reduced the variation in the perceived risk variable. 

4.5 Effect of the control variables 

To assess the robustness of the main findings, the analyses presented in Sections 4.2–4.4 

were re-estimated, including initial openness, prior experience, age, and gender as control 

variables. The results of these analyses are reported below and compared with the original 

models. 

4.5.1 Controlled effect of price and transparency on purchase intention: 

 

The results differed from the original analysis. Price remained significant (F = 11.86, p < 

.001), while transparency (F = 0.43, p = .511) and the interaction between price and 
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transparency (F = 0.50, p = .480) were not significant. Compared to the initial results, the 

transparency effect was substantially reduced. 

The exploratory contrast analysis was also re-estimated on the controlled model. Contrary 

to the original analysis, transparency did not have a significant effect in the high-price 

condition (F = 0.86, p = .355). The effect also remained non-significant in the low-price 

condition (F = 0.00, p = .975). 

 

4.5.2 Controlled effect of on trust under different price conditions: 

For the controlled trust analysis, neither transparency (F = 1.17, p = .281) nor the 

interaction between price and transparency (F = 0.04, p = .834) were significant. 

Compared to the original model, the interaction effect became substantially weaker after 

the control variables were included. Initial openness (F = 12.91, p < .001) and prior 

experience (F = 2.18, p = .045) were significant predictors of trust, whereas age (F = 

0.43, p = .984) and gender (F = 0.54, p = .464) were not. 

The exploratory contrast analysis was also conducted on the controlled model. 

Transparency did not have a significant effect in either the low-price condition (F = 0.91, 

p = .341) or the high-price condition (F = 0.35, p = .555). The joint test was likewise non-

significant (F = 0.63, p = .534). While the original model suggested a negative effect of 

transparency on trust in the low-price condition and a positive effect in the high-price 

condition, this pattern became substantially weaker after the control variables were 

included. 

4.5.3 Controlled mediation analysis: Trust 

Trust remained a significant predictor of purchase intention (b = 0.52, p < .001), while 

transparency did not have a significant effect on trust (b = -0.18, p = .263). Among the 

control variables, both initial openness (b = 0.37, p < .001) and prior experience (b = 

0.17, p = .009) were positively associated with trust. Prior experience was also positively 

associated with purchase intention (b = 0.38, p < .001). 

Despite these relationships, the indirect effect of transparency on purchase intention 

through trust was not significant (effect = -0.093, 95% CI [-0.286, 0.049]). As in the 
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initial analysis, the confidence interval included zero, indicating that trust did not mediate 

the relationship between transparency and purchase intention. 

4.5.4 Controlled mediation analysis: Perceived risk 

The results were largely unchanged from the original analysis. Transparency did not have 

a significant effect on perceived risk (b = 0.18, p = .391), while perceived risk remained a 

significant predictor of purchase intention (b = -0.37, p < .001). 

The indirect effect of transparency on purchase intention through perceived risk was not 

significant (effect = -0.067, 95% CI [-0.245, 0.089]). As in the original analysis, the 

confidence interval included zero, indicating that perceived risk did not mediate the 

relationship between transparency and purchase intention. 

4.5.3 Summary of the controlled analyses: 

The inclusion of initial openness, prior experience, age, and gender affected some of the 

findings presented in the original analyses. In the purchase intention analysis, the 

previously significant effect of transparency in the high-price condition was no longer 

significant after the control variables were included. Similarly, the directional pattern 

observed in the trust analysis became weaker. 

 

The mediation analyses, however, were largely unchanged. Neither trust nor perceived 

risk mediated the relationship between transparency and purchase intention, and both 

indirect effects remained non-significant after the control variables were included. 

 

It is important to note that initial openness and prior experience were measured after 

exposure to the experimental stimulus and varied significantly across experimental 

conditions, particularly in the high-price/high-transparency condition (see Chapter 

3.8.1.2). Consequently, the controlled analyses should be interpreted with caution. 

4.6 Summary of hypothesis outcomes 

The effect of transparency and price on both dependent variables was first tested using a 

2×2 between-subjects ANOVA. For purchase intention, only the effect of price was 

significant at the 5% confidence level. The effect of transparency was marginally 

significant, with a p-value of .085. 
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For perceived usefulness, neither the independent variables nor the interaction term had a 

significant effect. Hypothesis H2 (and H8) was therefore not supported. For purchase 

intention, while the interaction term was not significant, the effect of transparency was 

marginally significant, and the effect of price was significant. The follow-up contrast 

analysis showed that the effect of transparency on purchase intention was significant only 

when price was high. Hypothesis H7 was therefore supported. However, because the 

interaction effect was not significant, this finding should be interpreted as suggestive rather 

than conclusive evidence of a conditional effect. The inclusion of the control variables did 

not alter these conclusions, as neither trust nor perceived risk emerged as a significant 

mediator in the controlled analyses. 

The results of both mediation analyses, through trust and through perceived risk, were not 

significant. The findings for the hypothesis that trust mediated the relationship between 

transparency and purchase intention were directionally consistent with the theoretical 

framework but lacked the required significance level, leaving the related hypothesis 

unsupported. The findings for the hypothesis that perceived risk mediated the relationship 

between transparency and purchase intention were not significant and not consistent with 

the theoretical framework, leading to the rejection of the related hypothesis.  The inclusion 

of the control variables did not alter these conclusions, as neither trust nor perceived risk 

emerged as significant mediators in the controlled analyses. 
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Hypothesis Statement Type 

H1 Higher transparency leads to higher purchase 
intention. 

Not 

supported 

H2 Higher transparency leads to higher 
perceived usefulness. 

Not 

supported 

H3 Higher transparency leads to higher trust. Not 

Supported 

H4 The relationship between transparency and 
purchase intention is mediated by trust. 

Not 

supported 

H5 The relationship between transparency and 
perceived usefulness is mediated by trust. 

Not 

Supported 

H6 The relationship between transparency and 
purchase intention is mediated by perceived 
risk. 

Rejected 

H7 Higher transparency leads to higher purchase 
intention when price is high. 

Supported  

H8 Higher transparency leads to higher 
perceived usefulness when price is high. 

Not 

supported 

H9 The relationship between transparency and 
trust is moderated by price. 

Not 

supported 

 
Table 11, Summary of tested Hypotheses outcome 
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5. Discussion 
This chapter interprets the empirical findings of Chapter 4 together with the theoretical 

framework developed in Chapter 2. The discussion proceeds in four parts. Section 5.1 

addresses the theoretical implications for the literature on AI transparency, perceived risk, 

and consumer trust in recommender systems. Section 5.2 translates these findings into 

managerial implications for airlines and online travel agencies deploying AI-assisted 

booking tools. Section 5.3 presents the limitations of the study and directions for future 

research. 

5.1 Theoretical Implications 

The central contribution of this thesis is suggestive evidence that the effect of AI 

transparency on consumer behaviour is conditional. Four key contributions can be 

presented:  

First, the recommender systems literature has typically presented transparency as having a 

positive effect on purchase intentions and purchasing behaviour (see Chapter 2.3). This 

study explores price as a potential boundary condition. Although the interaction between 

price and transparency was not statistically significant, the analyses presented in Chapter 

4.2 revealed that the positive relationship between transparency and purchase intention was 

observed only in the high-price condition. However, this effect was no longer significant 

when initial openness, prior experience, age, and gender were included as control variables. 

Given the weak transparency manipulation, the absence of a significant interaction effect, 

and the sensitivity of the finding to the inclusion of control variables, the results should be 

interpreted as suggestive rather than definitive evidence that transparency may be more 

effective in high-price contexts. 

 

Second, while there are guidelines for what constitutes a good explanation in general and 

in the context of recommender systems (see Chapter 2.3), these guidelines do not account 

for the importance of, or need for, an explanation or how it should be adapted across 

contexts. This study shows that despite having a structurally identical explanation across 

both price conditions, the resulting level of perceived transparency differed between the 

groups (see Chapter 4.1). One potential conclusion that could be drawn from such a finding 
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is that the guidelines for what constitutes a good explanation should vary across price 

levels. It is also important to consider, in interpreting these findings, that the displayed 

itineraries across the two price conditions differed substantially in complexity (high price: 

Stockholm – Rio de Janeiro; low price: Stockholm – Warsaw). (See Chapter 3.x) 

Third, while the effect of transparency on trust was not significant at the conventional 5% 

level, the results suggest that the effect of transparency on trust is not always positive. This 

finding is in line with Kizilcec (2016) and Scharowski et al. (2022), who identify contexts 

in which the positive effect of explainability is reversed. Kizilcec (2016) provides one 

potential explanation for the negative effect of transparency on trust in low‑price contexts: 

the explanation text may have been too lengthy and led to unnecessary cognitive overload. 

 

Finally, perceived risk and trust were conceptualized as the psychological mechanisms 

through which transparency would influence purchase intention. This choice was grounded 

in two complementary streams of work. Pavlou’s e‑commerce model identifies trust and 

perceived risk, alongside perceived usefulness and perceived ease of use, as central 

determinants of consumers’ intention to transact under uncertainty, and Cox and Rich’s 

(1964) account, around which the present study was designed, similarly highlights the 

uncertainty inherent in high‑stakes purchase situations. In a high‑price context, the amount 

at stake is larger and the need for certainty correspondingly greater; if this need is not met, 

perceived risk remains high, and the purchase is unlikely to be made. Pavlou’s model 

reflects a similar logic by positioning trust and perceived risk as central mechanisms for 

managing such uncertainty. 

 

In the present study, however, these mechanisms did not operate as originally anticipated. 

Transparency did not influence purchase intention via perceived risk or trust in the AI 

assistant in the way the mediation hypotheses implied. Within the tested models, 

information in the form of an explanation did not significantly reduce perceived risk, nor 

did it meaningfully increase trust in the agent if this is interpreted as a coarse proxy for 

certainty. At the same time, transparency did significantly affect purchase intention in the 

high‑price condition. Together with the findings reported in Chapters 4.1 and 4.2, this 

pattern suggests that transparency had a behavioural impact, but not through the global trust 

and risk pathways that were specified a priori. 
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For perceived risk, one explanation is that the scale used in this study primarily captured 

financial risk. Given this focus, the moderate effect size of the transparency manipulation 

in the high‑price condition may simply have been too small to substantially lower perceived 

financial risk. Moreover, when interpreted through Cox and Rich’s logic, transparency is 

expected to reduce perceived risk indirectly by increasing certainty that the purchase will 

have favourable consequences, rather than exerting a strong direct effect on risk ratings. In 

Cox and Rich’s framework, certainty is shaped not only by new information but also by 

prior experiences and the experiences of others, which were not fully captured in the present 

design. This limits the extent to which a single transparency intervention can be expected 

to change perceived risk scores. 

 

For trust, the picture is more complex. Even if transparency can influence trust in an AI 

system, a one‑off explanation may not be sufficient to counteract existing attitudes and 

expectations about AI. Models of initial trust in e‑commerce, such as those developed by 

McKnight and colleagues, as well as Pavlou’s work, explicitly include structural 

assurances, reputation, and prior experience as determinants of baseline trust. In the AI 

domain, prior attitudes and initial openness to AI are likely to be even more salient. Many 

people hold strong views about AI’s reliability, fairness, and potential harms, and these 

predispositions may shape how willing they are to accept vulnerability to an AI system. 

Users who fundamentally distrust AI may remain skeptical even when presented with an 

explanation, whereas users who already have a positive attitude towards AI may follow its 

recommendations without needing additional transparency. Under these conditions, a 

moderate transparency manipulation is unlikely to produce large changes in global 

agent‑level trust. 

 

Taken together, these results suggest that the primary mechanism behind the transparency 

effect in the high‑price scenario is more specific than global trust in the agent or general 

perceived risk. A more precise candidate is a construct that captures certainty that following 

the recommendation will lead to a favourable outcome. Trust in the agent contributes to 

this sense of certainty but is not identical to it. Conceptually, such a mechanism would be 

located at the level of the recommendation itself and could be expressed in terms of 

perceived accuracy, credibility, or trust in the recommendation. This recommendation‑level 

evaluation is influenced by, but distinct from, agent‑level trust, and it aligns more closely 
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with Cox and Rich’s notion of reducing uncertainty about a particular purchase decision. 

Under this view, transparency may first shape how credible and reliable the specific 

recommendation appears and, through that, affect recommendation‑level trust, perceived 

risk, and ultimately purchase intention, rather than directly altering global agent‑level trust 

or general risk perceptions. The finding that transparency significantly influenced purchase 

intention in the high‑price condition, while perceived risk and trust in the agent did not 

mediate this effect, supports the idea that the crucial mechanism is located at the level of 

the specific recommendation rather than in global trust or perceived risk alone. 

 

5.2 Managerial Implications 

 

The results of this study carry three key findings for practitioners in the air travel sector 

using AI-powered flight recommender systems: 

First, for complex and expensive itineraries, transparency can play a significant role in 

shifting the customer's willingness to buy. Such explanations should be based on the 

findings of Miller (2019) and communicate to the buyer, in concrete terms, why the 

recommended option fits their criteria best compared to all other options. 

Second, what constitutes an effective explanation in a high-price context may differ from 

what works in a low-price context. The findings of this study indicate that, despite 

following the same design principles across both price conditions, the level of perceived 

transparency differed substantially. This points to the need to design explanations 

differently depending on price level. 

Third, while non-significant, the effect of transparency on trust in the low-price context 

was negative. Caution should therefore be exercised when implementing explainability in 

a recommender system context. The content of the explanation should be drafted carefully; 

both accuracy and conciseness must be maintained. Without accuracy, the user may 

perceive the system as less reliable, and an overly lengthy explanation may lead to cognitive 

overload and, by extension, a loss of trust. This finding remains directional and non-

significant and should therefore be interpreted with caution. 
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Finally, while the results indicate that transparency leads to higher purchase intention in a 

high-price context, they failed to find support for perceived usefulness, which is a key 

determinant of adoption intention according to the TAM. This null finding suggests that, 

given the presence of advanced and well-established flight booking platforms, a system 

similar to the one designed for this study may not gain commercial traction among the 

studied population (Swedish adults aged 20–39). This claim, however, is an interpretation 

of the results and should be read as an indication rather than a firm implication. 

5.3 Limitations 

While this study provides valuable theoretical and managerial contributions, several key 

limitations should be considered. 

First, while the transparency manipulation was significant overall, its effect on perceived 

transparency was weak and differed substantially across the two price conditions (see 

Chapters 2.3, 4.1, and 5.1). Findings related to the low-price context should therefore be 

interpreted carefully and considering the transparency manipulation itself (see Appendix 

A). Future research on explanation design should explore the elements needed to achieve 

effective levels of explainability under different levels of stakes and complexity. 

Second, the context of the study itself (flight booking recommendations) implied that the 

two recommended itineraries differed not only in price but also in complexity (see Chapter 

3.1). Complexity plays a role in the usefulness and necessity of the explanation text, which 

was not accounted for in the design of the survey. Future research could replicate this study 

while controlling for such confounds. 

Third, due to the design of the study, purchase intention was used as a proxy for purchasing 

behaviour. While the relationship between the two is well-established, the two concepts 

remain distinct (see Chapter 2.2.1). Future research could replicate this study in a real-

world setting to assess the true effect of perceived risk on purchasing behaviour. 

Fourth, the sample is restricted to Swedish adults between the ages of 20 and 39. The 

purpose of this restriction is to reduce variance from the demographic moderators specified 

in UTAUT (Venkatesh et al., 2003) and from cultural differences across geographies, given 

the limited sample size (see Chapter 1.4). Future research could conduct a similar 

experiment with a broader age range and in a different cultural context. 
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Fifth, this study employed shortened measurement scales for many key variables, including 

the main dependent variable (purchase intention), to minimize survey length and the 

resulting fatigue and risk of speeding and straightlining. Shortened and single-item scales 

have been shown to be less reliable, and removing items from validated scales may reduce 

validity (see Chapter 3.3). 

Sixth, initial openness and prior experience both play a key role in the context of AI and 

technology adoption (see Chapter 2.7). These variables were measured after participants 

had been exposed to the experimental stimulus. As a result, they may not solely reflect pre-

existing individual differences but may also have been influenced by participants' reactions 

to the treatment. This interpretation is supported by the finding that both initial openness 

and prior experience differed significantly across experimental conditions. (see Chapter 

3.8.1.2) While robustness checks, including these variables as controls, altered some of the 

findings, particularly those related to purchase intention, their inclusion may have adjusted 

for treatment-related variance in addition to baseline characteristics. Future research could 

measure these variables prior to treatment exposure and incorporate them into the analysis 

to more clearly distinguish between pre-existing individual differences and responses to the 

experimental stimulus. 

Finally, by limiting the mediation analysis to the high-price group, the sample size dropped 

to N = 157, which limits the statistical power to detect indirect effects. 

 

  



 

58 

6. Conclusion 
This study returns to the puzzle raised in Chapter 1.2: when an AI recommends a flight, 

does explaining the recommendation make the consumer more likely to act on it? 

RQ1: Does transparency affect purchase intention? 

The findings of this study indicate that transparency does not have a significant effect on 

purchase intention. The main effect of transparency on purchase intention was not 

significant in the two-way ANOVA. The transparency manipulation, however was weak, 

and these results should be interpreted with caution. 

RQ2: Does transparency have a stronger effect on purchase intention when price is 

high? 

The interaction effect between price and transparency on purchase intention in the two-way 

ANOVA was not significant. However, a contrast analysis revealed that transparency had 

a significant effect only in the high-price condition. These results remain inconclusive, as 

the manipulation failed to create a significant difference in transparency perception within 

the low-price group. Furthermore, the effect observed in the high-price condition was no 

longer significant when initial openness, prior experience, age, and gender were included 

as control variables, suggesting that this finding should be interpreted with caution. 

RQ3: Through which mechanism (trust, perceived risk) does transparency affect 

purchase intention? 

Neither of the identified psychological mechanisms (trust and perceived risk) mediated the 

relationship between transparency and purchase intention. It is important to note, however, 

that emphasis was placed on financial risk when developing the scale, and the results are 

therefore mainly applicable to financial risk. The combination of the moderate effect of the 

manipulation on perceived transparency and the relatively low sample size might, however 

explain the null findings, especially for trust as a mediator. Additionally, the theoretical 

framework adopted in this case, in addition to the Cox and Rich (1964), would point 

towards trust as a mediator between transparency and perceived risk, a relationship not 

tested in this study. 
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Closing remarks 

The positive effect of transparency on purchasing behavior is well-established in the 

recommender systems literature. This study contributes to the understanding of this 

relationship by exploring price as a potential boundary condition. While the study has 

limitations, it sheds light on two key findings: (1) transparency has a significant positive 

effect on purchase intention when price is high, although this finding was not robust to the 

inclusion of control variables and should therefore be interpreted with caution; (2) what is 

considered an effective explanation in the context of recommender systems differs based 

on the price and complexity of the product.  
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Appendix 

Appendix A: Survey 

The following pages present the full survey instrument as administered to participants via 
Norstat. The survey was presented in Swedish. The four experimental conditions are 
shown in sequence below. 

 
 
 

Appendix X, our survey
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After the two screener questions, participants get one of the following four 
scenarios: 

 
 

1. Low price, low transparency 
 

I den här undersökningen får du ta del av ett scenario där en AI-
assistent hjälper dig att söka efter och rekommenderar en flygresa. 

Frågorna som följer baseras på dina intryck av AI-assistenten och dess 
rekommendation. 

 
För din flygsökning bad du AI-assistenten att hitta en flygresa från 

Stockholm till Warszawa för en vecka i juli som är så billig som möjligt, 
med så kort total restid som möjligt. Följande resultat visas: 
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2. Low price, high transparency 
 

I den här undersökningen får du ta del av ett scenario där en AI-
assistent hjälper dig att söka efter och rekommenderar en flygresa. 

Frågorna som följer baseras på dina intryck av AI-assistenten och dess 
rekommendation. 

 
För din flygsökning bad du AI-assistenten att hitta en flygresa från 

Stockholm till Warszawa för en vecka i juli som är så billig som möjligt, 
med så kort total restid som möjligt. Följande resultat visas: 
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3. High price, low transparency 
 

I den här undersökningen får du ta del av ett scenario där en AI-
assistent hjälper dig att söka efter och rekommenderar en flygresa. 

Frågorna som följer baseras på dina intryck av AI-assistenten och dess 
rekommendation. 

 
För din flygsökning bad du AI-assistenten att hitta en flygresa från 

Stockholm till Rio de Janeiro för en vecka i juli som är relativt billig, men 
samtidigt har en så kort total restid som möjligt. Följande resultat visas: 
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4. High price, high transparency 

 
I den här undersökningen får du ta del av ett scenario där en AI-

assistent hjälper dig att söka efter och rekommenderar en flygresa. 
Frågorna som följer baseras på dina intryck av AI-assistenten och dess 

rekommendation. 
 

För din flygsökning bad du AI-assistenten att hitta en flygresa från 
Stockholm till Rio de Janeiro för en vecka i juli som är relativt billig, men 
samtidigt har en så kort total restid som möjligt. Följande resultat visas: 
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The following questions were presented to all participants following the four 

scenarios:  
 
 
 

After presenting the scenario, each participant sees the following questions: 
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An attention check in the middle of the survey ensures participants are paying 

attention. 
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Construct Item 

Perceived Risk (PR) PR1: I am concerned that booking this flight would lead 
to a financial loss (e.g., hidden fees, non-refundable 
errors). 

Perceived Risk (PR) PR2: Buying this ticket feels like a financial risk. 

Perceived Risk (PR) PR3: Overall, I feel that following the AI's 
recommendation is risky. 

Trust - Competence (TIA) TIA1: I believe the AI assistant has the expertise to give 
me good flight recommendations. 

Trust - Competence (TIA) TIA2: The AI assistant is competent and effective in 
finding flight deals. 

Trust - Benevolence (TIA) TIA3: I believe the AI assistant is looking out for my 
best interests. 

Trust - Benevolence (TIA) TIA4: The AI assistant is well-intentioned in its flight 
suggestions. 

Trust - Integrity (TIA) TIA5: The AI assistant is honest about the information 
it provides. 

Trust - Integrity (TIA) TIA6: I believe the AI assistant is truthful in its price 
displays. 

Perceived Usefulness (PU) PU1: Using the AI assistant helps me accomplish my 
travel tasks more quickly. 

Perceived Usefulness (PU) PU2: The AI assistant provides me with a high level of 
utility for finding tickets. 

Perceived Usefulness (PU) PU3: If I use this AI assistant, I will increase my 
chances of getting a better price. 

Purchase Intention (PI) PI: It is likely that I will actually book this flight. 
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Adoption Intention (AI) AI1: I'm likely to rely on this AI system in a real 
booking situation. 

Adoption Intention (AI) AI2: I would avoid using this AI booking system. 
(reverse-coded) 

Adoption Intention (AI) AI3: I intend to use this AI assistant for my next flight 
booking. 

Adoption Intention (AI) AI4: I plan to use this AI assistant the next time I search 
for travel. 

Initial Openness (IO) IO: I am generally positive about using AI tools for 
everyday decisions. 

Prior Experience (PE) PE1: I often use AI-based tools or services. 

Prior Experience (PE) PE2: I often use AI to support purchasing decisions. 

Manipulation Check - 
Perceived Transparency 
(PTx) 

PT1: The AI assistant made it clear how the flight was 
selected. 

Manipulation Check - 
Perceived Transparency 
(PTx) 

PT2: I understand the reasoning behind this flight 
recommendation. 

Manipulation Check - 
Perceived Transparency 
(PTx) 

PT3: The system is transparent about its decision-
making process. 

Manipulation Check - 
Perceived Expensiveness 
(PEX) 

PEX: How expensive would you consider this flight to 
be? 

 

Table 18, Relevant scale items. 
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Appendix B: Initial Lovable Prompt for Booking Interface Design 

The following initial prompt was put into Lovable for the creation of our four scenarios; 
Multiple iterations afterward followed to create the ideal scenario. 
 
Ok here is what I want you to create: We are doing a 2x2 quantitative study for 
our master thesis where we will use price high/low and AI transparency high/low 
as our independent variables. We therefore want to create 4 different scenarios in 
a flight booking scenario: The low price scenario will be a flight of around 1500 
krones from Stockholm Arlanda to Malaga and the high price scenario a flight for 
around 6000 krones from Stockholm Arlanda to Rio de Janeiro. We want to 
combine those scenarios with a high and low transparency of an AI agent. In the 
low transparency scenario the AI agent just says something like: This is the 
option (either Malaga or Rio) I suggest. In the high transparency scenario the AI 
agent will go more into detail why this option was selected. For example: Based 
on these priorities (price/convenience) I came up with multiple suggestions and I 
would recommend this one (or something similar/even more detailed, that is up to 
you). Can you create these 4 different landing pages 
 

Appendix C: Gemini Prompt for High-Transparency Explanation Text 

 
You are a flight booking assistant. A user will provide: 
 
 
 
- Origin airport or city 
 
- Destination airport or city 
 
- Date range or month 
 
- Preferences (e.g., cheapest possible, direct flight only, avoid long layovers, shortest 
travel time, specific airlines, etc.) 
 
 
 
Your task is to provide a **specific, immediately bookable flight recommendation** that 
fits their preferences. Include: 
 
 
 
1. **Flight details**: airline, departure/return dates, itinerary (direct or stops), total price. 
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2. **Explanation**: a concise paragraph explaining **why this specific flight is the best 
choice**. Focus on the **user’s requested priorities** (e.g., price, direct flight, travel 
time, layover duration, dates). Explicitly contrast this flight with other options that might 
slightly differ in price or convenience. 
 
3. **Selection Criteria**: list only the criteria that were relevant to the user’s request 
(e.g., price, direct flight, travel time, layover duration, dates, airline preference). 
 
4. **Sources**: list the websites or booking platforms you checked (e.g., Skyscanner, 
Google Flights, Momondo, Kayak). 
 
 
 
Format the output clearly. Example: 
 
 
 
--- 
 
 
 
### ✈ Recommended Flight 
 
Origin → Destination   
 
Dates: Depart [date] — Return [date]   
 
Airline: [Airline]   
 
Itinerary: [Direct or stops]   
 
Price: [Price] 
 
 
 
### 💡 English Explanation: 
 
[Concise paragraph explaining why this flight specifically is the best choice according to 
the user’s preferences.] 
 
 
 
**Selection Criteria:**   
 
* [List only relevant criteria based on the user’s preferences] 
 
 
 
**Sources:**   



 

81 

 
* Skyscanner   
 
* Google Flights   
 
* Momondo   
 
* Kayak 
 
For the low price scenario, Gemini was asked to give a similar style of explanation with 
the same length (see appendix D). 

Appendix D: Filler Text for Low-Transparency Conditions  

For our low transparency scenario, please provide me with a filler text about the same 
length as our high transparency scenario, preferably providing some information about 
the destination itself. 

Appendix E: AI usage report 

 
What AI tools have been used and how? 
 
The authors acknowledge the use of AI tools in writing this thesis. Besides the use of 
Gemini and Lovable to create the experimental manipulations, as highlighted in 
Appendices B and C, ChatGPT (5.5) NotebookLM, Scispace, and Claude (Opus 4.7) 
were used for literature summary, andthe APA reference list. visualization and 
formulation. Example prompts included: 
 
“Please create a table with all this information, which includes author, APA reference, 
key message, and what is important for our 2x2 study, based on the literature I provided 
you. ”(only done by Philip Schrader for personal literature review, and the output was not 
used in the writing or development of the argument in the Theoretical Framework section 
of the study) 
 
“Please have a look at this written paragraph and suggest possible improvements 
regarding overall flow, readability, and language.” 
 
“How do I make the transition between these two paragraphs more natural?” 
 
“Can you review the argumentation in this section and provide feedback on flow?” 
 
“How can I make this sentence better?” 
 
“Please create a visual representation of all our hypotheses that you find attached here.” 
 
A second major use case for Gen AI tools was the review of written chapters (special 
attention was put towards chapter 1.3, 5.1, and 5.2). After finishing each chapter, the 
following prompt was imputed in Claude for feedback on the draft: 
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“Please look at the text of the provided chapter and critically assess the logic and flow of 
the text”   
 
A third use case of Gen AI (Claude and Gemini) was as a coding guide and assistant for 
Stata and R. Some examples of the prompts used are as follows: 
 
“How do I generate a scale in Stata?” 
 
“How do I do a mediation analysis in Stata?” 
 
“Can you give me the R code where I use PROCESS model 1 to test the moderating 
effect of Age on the Transparency (T), Purchase Intention (PI) relationship?” 
 
A fourth use case of Gen AI (Claude) was as a tool to correctly format results from R and 
Stata. An example of a prompt used is as follows: 
 
“Look at this table and give me the effect size and p-value of transparency in the 
appropriate APA formatting.” 
 
NotebookLM was also used in two instances to summarize and interact with literature, 
where possible to upload the literature, with the two main prompts being: 
 
“How does transparency affect trust?” (May 2026) and “How do trust and perceived risk 
affect online purchasing decisions?” (April 2026) 
 
Scispace AI was used to find evidence and sources to match specific claims, but also to 
further understand obscure or more complex concepts, or identify consensus on a specific 
topic. An example prompt is: 
 
“In the context of AI and recommender systems, what is the difference between 
transparency and explainability? Is there a difference? What is local transparency” 
 
Perplexity, Grammarly, and ChatGPT were used as writing assistants during the final 
phase of editing the thesis to improve the language, structure the text, and brainstorm. 
 
Finally, a combination of AI tools was used for the translation of the survey into Swedish, 
before it was shared for feedback. 
 
The authors retained full responsibility for all theoretical choices, empirical analyses, 
interpretation of findings, and final wording. AI-generated outputs were reviewed, edited, 
and validated against academic sources before inclusion. 
 

In what ways have these tools contributed to increasing the quality of the thesis?: 
 
AI tools helped increase the quality of the thesis first and foremost by expediting the 
initial literature review and allowing the authors to go beyond the abstracts of the papers 
and identify the most relevant papers for the specific study context, thus allowing more 
time for reading the most relevant literature. 
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Second, AI tools were sometimes used to condense arguments from certain papers, 
reducing the amount of time dedicated to note-taking. It was also used as a discussion 
partner to identify logical flows and enable a better understanding of the literature. 
In the analysis, Gen AI was especially helpful in bridging the coding languages 
knowledge gap and, at times, getting more guidance on best practices in areas like data 
cleaning, reporting, and similar. One particularly important contribution is that AI 
suggested using a contrast analysis instead of t-tests when looking at the effect of 
transparency under the different price conditions. 
In terms of writing, AI contributed to the thesis by providing feedback on flow and 
linguistic improvements. In rare instances, AI helped the authors identify the appropriate 
transitions between or within paragraphs or restructure paragraphs. 
AI was also helpful in adapting some of the scale items, as linguistic accuracy was 
specifically important. The choice of items to be adapted and the nature of the adaptation 
were done by the authors, while the phrasing was done by the agent and verified by the 
authors. AI was then used to translate the scale into the Swedish language before sharing 
it with peers for feedback on the translation. 
 
What potential risks were found using AI, and what measures were taken to reduce 
these risks?  
 
Earlier in the thesis writing process, the quality of the output generated by Gen AI was 
identified as only superficially relevant and lacking in terms of depth. AI could not, in 
any way, shape, or form, act as a substitute for reading and interacting with literature. In 
many cases, AI would make inaccurate claims or inferences, especially when impacted by 
the context window. Additionally, AI is not an appropriate substitute for the process of 
identifying relevant literature either. To find the most relevant papers, one needs to 
navigate a wide variety of keywords and navigate through the different references and 
citations across many papers. It was therefore decided that only papers that were fully 
read would be used for both conceptual and writing purposes. For Stata and R coding, AI 
was mostly helpful, with a few exceptions, with PROCESS Macro. Where model 
numbers or parameter symbols were mixed up, an online search was conducted to get a 
better understanding of the models, in order to be able to better interact and iterate with 
the AI agent. 
 
What are the insights gained from using AI tools in the thesis writing process? 
 
Three key lessons emerge:  

1) Most importantly, AI cannot be used to replace human work, especially in finding 
relevant literature and understanding how it can be used for the thesis. 

2) Every AI output needs to be critically assessed due to the tendency of LLMs to 
hallucinate findings and to confirm wrong claims made by the user in their 
prompt. 

3) However, AI can serve as an intellectual “sparring partner” in the research and 
writing process. AI can identify blind spots in the logic and the writing that 
humans might overlook. This is especially useful towards the end of the writing 
process, when another voice provides valuable feedback for the thesis. 


