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Abstract
Purpose – Little research has explored the relationship between artificial intelligence (AI) and marketing performance, particularly regarding 
managers’ perceptions and attitudes toward AI. This paper aims to investigate the impact of AI fairness and transparency on business-to-business 
(B2B) marketing managers’ attitudes toward AI. From a marketing manager’s human-oriented perspective, this study proposes three scientific 
contributions.
Design/methodology/approach – The research presents a conceptual framework for examining marketing professionals’ attitudes toward AI in 
marketing. Two studies involving 233 marketing managers provide insights into the drivers of AI adoption.
Findings – Industrial managers view AI primarily as a tool to enhance efficiency, improve lead generation and support complex decision-making 
processes, demonstrating a pragmatic and utility-focused attitude.
Practical implications – B2B firms should leverage AI for lead qualification, predictive analytics and account-based marketing, allowing businesses 
to benefit from its potential. AI competence must be considered a core competency for all involved organizations to ensure the creative deployment 
of AI.
Originality/value – This study shows how attitudes toward AI and control over it affect its expected performance in B2B marketing, contributing to 
a deeper understanding of AI’s role in this context.

Keywords AI technology, B2B, Marketing managers, Fairness, Transparency, Buyer–seller relationships, Artificial intelligence

Paper type Research paper

1. Introduction

Artificial intelligence (AI) has transformed society and 
commerce, including business-to-business (B2B) marketing 
(Pedersen and Ritter, 2024). B2B organizations leverage AI for 
targeting, analytics, personalization and automation. While 
studies link AI to improved performance (Kumar and Bargavi, 
2024), others note a gap between promise and results (Kinney 
et al., 2024). In B2B, AI aids market knowledge (Paschen et al., 
2019), streamlines operations (Mikalef et al., 2023), targets 
customers and automates relationship activities (Chatterjee 
et al., 2021), yet its impact on staff work remains 
underexplored. Managers’ attitudes toward AI range from 
aversion to confidence (Jussupow et al., 2024), shaping their 
expectations of AI’s effect on performance (Lichtenthaler, 
2020). This is critical in B2B, where long-term, trust-based 
buyer–seller relationships are sensitive to decision-making 
changes (Cannon and Perrault, 1999).

Introducing AI to one side of a relationship can disrupt 
coordination and expectations, particularly if recommendations 
are inaccurate, biased or misaligned with norms (Keegan et al., 
2023; Papagiannidis et al., 2023). As B2B marketers 
increasingly rely on algorithms for decisions (Mikalef et al., 
2023), understanding how their attitudes shape performance 
expectations is vital. If managers believe AI enhances rather 
than threatens reliable, relationship-preserving interactions, 
they are more likely to adopt it. Thus, examining these 
expectations is fundamental to understanding AI adoption in 
B2B marketing.
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Rooted in Vroom’s expectancy theory (Vroom, 1964), this 
study applies a cognitive framework where individuals choose 
behaviors based on expected outcomes. Assuming rational 
decision-making, people evaluate anticipated effort, performance 
and rewards before acting (Van Eerde and Thierry, 1996). We 
investigate how marketers’ attitudes toward AI influence their 
performance expectations, drawing on Rodriguez and Peterson 
(2024), Kot and Leszczy�nski (2020) and Leone et al. (2021).

This study identifies drivers of B2B marketing managers’ 
expected AI-supported decision-making behavior. 
Understanding how attitudes relate to AI features (Shin and 
Park, 2019) and control (Kahl et al., 2022) is essential given the 
rise of algorithmic decision-making in B2B marketing. This 
study aims to answer the following research questions:

RQ1. What drivers influence the attitudes of industrial 
managers toward AI in marketing?

RQ2. What are the key drivers that impact how AI is 
perceived in terms of its performance?

A major limitation of AI in managerial decision-making is its 
lack of interpretability (Lipton, 2018). Often described as 
“black boxes” with opaque processes (Goodness et al., 2025), 
these systems raise concerns about transparency and fairness 
(Shin and Park, 2019). Yet, studies linking these features to 
managerial attitudes remain scarce (Wanner et al., 2023; Cao 
et al., 2021). Despite this, industry surveys indicate widespread 
engagement: over half of companies are piloting AI with formal 
strategies (Ransbotham et al., 2017), and roughly 50% have 
adopted it in at least one function. Advances in computing and 
big data now enable AI to handle complex, cognitively 
demanding tasks – such as tacit judgments, emotion 
recognition and process management – previously thought 
beyond automation (Cao et al., 2021). This prompts our third 
research question:

RQ3. How do managers’ perceptions of transparency and 
fairness in AI decision-making systems influence their 
attitudes toward using AI to make organizational 
decisions?

This research focuses on an iterative design that consists of two 
complementary studies. In the first phase, a study tests the 
proposed relationships between managers’ perceptions of AI 
features and the expected marketing performance of those 
features. The second phase of the study builds on the findings 
of the first study to further explore how managers interpret 
transparency and fairness in AI-supported decision-making.

Figure 1 presents our research model for studying managers’ 
attitudes toward AI in B2B marketing, linking AI fairness 
concepts and performance factors to three identified research 
gaps that guide a two-study research design to investigate 
algorithm transparency’s unexpected lack of influence on AI 
attitudes.

Figure 1 presents two theoretical perspectives. The first, 
based on Shin and Park (2019), focuses on AI fairness drivers: 
algorithm transparency, accountability, benevolence and sense 
of control, which influence managerial perceptions. The 
second perspective (Shin et al., 2020) addresses AI’s ability to 
augment human capacity for goal achievement, highlighting 

sense of control, fairness perception and transparency as key 
factors.

These foundations reveal two research gaps: Gap 1 
investigates how fairness aspects shape managers’ attitudes 
toward AI, while Gap 2 identifies B2B performance drivers 
linked to AI capabilities and organizational outcomes. Both 
converge on the primary focus: identifying drivers of managerial 
attitudes. Additionally, a fourth question arises from Study 1’s 
empirical findings, which unexpectedly showed no consistent 
impact of algorithm transparency on attitudes despite 
theoretical expectations.

Following quantitative evaluation, significant path 
correlations in the structural equation models were analyzed. 
Since Study 1 could not answer the third research question, 
Study 2 was conducted to further examine the impacts of AI 
fairness and algorithm transparency.

In short, Study 1 examines drivers of managers’ attitudes 
toward AI, while Study 2 investigates performance drivers to 
explain the unexpected link between transparency and those 
attitudes. Together, these studies deepen understanding of AI 
perception and use in B2B marketing.

This work contributes by explaining how attitude and control 
influence AI performance in B2B marketing, highlighting the 
roles of fairness, benevolence and unbiased data. It addresses 
existing gaps by focusing on individual-level marketing 
performance and managers rather than organizational 
outcomes, offering new insights into AI’s impact on B2B 
marketers and algorithmic transparency.

The paper proceeds as follows: an overview of AI theoretical 
foundations; Study 1 based on feedback from 200 US B2B 
marketing managers; hypothesis development and a conceptual 
framework for attitudes toward AI; results and discussion of 
Study 1; Study 2 with 66 US managers; answers to research 
questions; and finally, scientific and managerial implications.

2. Contextual background

2.1 Intelligence in the context of AI
The notion of “intelligence” in artificial systems is often treated 
in abstract terms. Legg and Hutter (2007) defined human 
intelligence as the capacity to learn, adapt and comprehend 
abstract concepts, while Kaplan and Haenlein (2019)
described AI as a system’s ability to interpret external data, 
learn from it and achieve specific goals. In marketing, this 
suggests AI can transform raw data into market intelligence, 
supporting more informed and consistent decision-making 
when properly designed and governed (Huang and Rust, 
2022).

Marketers analyze organizational needs, buying behaviors 
and industry trends to drive targeting, segmentation and 
relationship strategies (Petrescu et al., 2022). AI, through 
advanced analytics and decision-support systems, enhances 
B2B performance by analyzing complex data sets, identifying 
latent patterns and generating predictions for precise, timely 
actions (Hallikainen et al., 2020). Consequently, AI is viewed 
as a tool to improve marketing effectiveness and efficiency –
from lead scoring and account selection to personalization and 
resource allocation – ultimately driving superior outcomes in 
B2B markets.
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B2B firms often face small, sparse data sets due to infrequent 
transactions and concentrated portfolios (Lilien, 2016), 
causing AI models to struggle with stability and accuracy (Hsu 
et al., 2015). Furthermore, marketers and salespeople often 
resist AI recommendations perceived as opaque, biased or 
misaligned with customer knowledge (Habel et al., 2024; 
Gaczek et al., 2023). Consequently, AI’s performance impact 
depends not only on technical capabilities but also on data 
quality and managers’ belief that AI enhances rather than 
jeopardizes decisions and relationships.

While bounded rationality limits human optimization due to 
cognitive constraints and biases (Simon, 1957), AI can mitigate 
these by processing vast data sets and applying consistent 
judgments. However, improved decision quality and 
performance require manager trust and retained control over 
AI-supported decisions. This study captures this link via the 
construct performance of AI, defined as managers’ expectancy 
that AI will enhance the effectiveness, efficiency and relational 
quality of their actions. This expectation is central to 
understanding AI adoption in B2B contexts.

2.2 Managerial attitudes toward AI
Although AI technologies are increasingly prevalent in 
managerial practice, managerial acceptance of these tools 
remains mixed. While organizational environments often 
prioritize efficiency (Lilien, 2016), and AI is typically seen as a 
means of enhancing it (Davenport et al., 2020), this perception 
alone does not ensure managerial trust or widespread adoption. 
Studies have shown that managers, particularly at lower levels 
of hierarchy, may hesitate to integrate AI into their decision- 
making processes (You and Robert, 2018). Many prefer human 
judgment over algorithmic recommendations (Lichtenthaler, 
2020). This hesitation can stem from several factors, including 
unclear responsibility for AI-driven decisions (Choi, 2021), 
privacy concerns and ethical unease regarding automation 
(Gaczek et al., 2025).

The literature identifies several constructs that appear 
especially influential in shaping managers’ attitudes toward AI. 
The first is perceived performance, which refers to how useful 

and competent the system is believed to be. The higher the 
perceived capability of the AI, the greater the likelihood of 
acceptance (Wang and Benbasat, 2007). The second is the 
sense of control, defined as a manager’s perception of the 
retention of authority over decisions despite the use of AI. When 
individuals feel that their control is diminished, resistance often 
follows, since users prefer systems, they can guide or override.

A third key factor is algorithmic transparency. If the inner 
workings of an AI system are not understandable, trust declines. 
Transparency enhances the comprehension of AI 
recommendations and reduces concerns about hidden bias or 
manipulation (Larsson and Heintz, 2020). Fairness is another 
crucial factor, in the context of whether AI decisions are seen as 
impartial and just. Benevolence refers to the belief that the AI 
system operates in the user’s best interest. Although this construct 
is crucial to trust formation, AI often falls short compared to 
human managers because it lacks emotional understanding. This 
gap becomes particularly relevant in high-empathy settings, where 
the inability to convey concern or compassion may limit AI 
acceptance (Li and Bitterly, 2024). For the definitions of all 
constructs, see Table A in the Supplementary material.

3. Development of hypotheses and measurement 
model

3.1 Research problem
The research problem in this study focuses on understanding 
how B2B marketing managers’ attitude toward AI and their 
sense of control over it affect their expectations about the 
performance of that technology. Specifically, we examine the 
interplay between the fairness, transparency and benevolence 
of AI and its perception in a business context. This research fills 
a crucial gap regarding the use of AI in marketing by managers, 
exploring the performance levels and explaining their 
expectations of algorithms.

3.2 Development of hypotheses
The sense of control enhances motivation and performance, 
especially in dynamic contexts like customer relationships 

Figure 1 Research focus and research gaps
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(Miao and Evans, 2012). During AI integration, managers’ 
perception of AI performance is crucial (Shin and Park, 2019; 
Amankwah-Amoah et al., 2024). The technology acceptance 
model (TAM) suggests that perceived usefulness drives 
adoption, which is boosted by user confidence (Cao et al., 
2021). A strong sense of control may foster a constructive 
interaction with AI, improving AI-related performance 
(Mikalef et al., 2023), leading to H1:

H1. In the B2B context, a positive relationship exists between 
a marketing manager’s Sense of Control and Performance of 
AI.

Research suggests that marketers’ attitude toward AI influences 
collaboration and performance (Haesevoets et al., 2021; You 
and Robert, 2018). When AI is perceived as understandable 
and controllable, marketers collaborate more actively 
(Dietvorst et al., 2018), enhancing performance. Positive 
attitudes toward AI are associated with increased performance 
expectancy (Subas�ı et al., 2024), greater trust (Sindermann 
et al., 2022) and more frequent use (Kwak et al., 2022). 
According to expectancy theory and models like TAM and 
UTAUT (Darda et al., 2023), users who believe in AI’s utility 
experience higher performance. Favorable attitudes influence 
behavioral intentions and perceptions of AI’s performance (Lee 
et al., 2015). In B2B marketing, positive attitudes lead to 
integration, trust and confidence, contributing to performance 
outcomes. Marketers with positive attitudes are more likely to 
integrate AI into their routines, trust its recommendations and 
feel confident in its support (Gaczek et al., 2025b; Dietvorst 
et al., 2018), thus we formulate H2:

H2. In the B2B context, a positive relationship exists between 
a marketing manager’s Attitude toward AI and the 
Performance of AI.

Benevolence indicates the extent to which a manager is 
perceived as genuinely caring about the welfare of customers. 
Marketers in control are likelier to act benevolently because 
they believe their choices can meaningfully impact customer 
outcomes. Research shows that emotional intelligence and 
autonomy are positively associated with benevolent, customer- 
centered behavior (Sailendra et al., 2020).

In AI-enhanced marketing environments, this dynamic 
becomes even more significant. AI tools provide real-time data 
and recommendations that augment a marketers’ capacity to 
tailor their approach, increasing their perceived control over the 
marketing function (Bag et al., 2021). When marketing 
managers trust these systems, they experience greater agency. 
This, in turn, can reinforce benevolence, since the perception 
of control leads to confidence, and confidence encourages more 
authentic, empathetic customer engagement. Notably, 
transparency in AI systems has been linked to increased trust, 
which further supports the connection between perceived 
control and benevolent behavior (Kumar and Bargavi, 2024). 
Thus:

H3. In the B2B context, a positive relationship exists between 
a marketing manager’s Sense of Control and his or her 
Benevolence.

A marketer’s sense of control over AI systems is crucial in 
shaping their attitude toward AI (Zhang et al., 2025). Sense of 
control over AI systems strongly determines whether the 
attitudes toward AI are positive or negative. When individuals 
perceive that they can influence how AI operates – adjusting its 
outputs, understanding its logic or integrating it into their 
workflows – they are more likely to develop trust and openness 
toward the technology. This perception of control mitigates 
common concerns such as unpredictability or job 
displacement, which are often barriers to AI acceptance 
(Georganta and Ulfert, 2024). Empowerment through a sense 
of control also reduces anxiety and fosters a sense of 
partnership with AI, as users are more inclined to see it as a 
supportive tool rather than a threat (McKee and Wouters, 
2022). Furthermore, environments that promote autonomy 
align with the psychological need for competence and agency, 
reinforcing favorable attitudes (Stein et al., 2024). Thus, a 
higher sense of control will likely foster more positive, confident 
and constructive perceptions of AI in B2B marketing contexts:

H4. In the B2B context, a positive relationship exists between 
a marketing manager’s Sense of Control and his or her 
Attitude toward AI.

A marketer’s benevolence – defined as the empathy, ethical 
behavior and concern for others – can positively shape their 
attitude toward AI. Benevolent individuals are more inclined to 
trust, a key driver of AI acceptance (Bedué and Fritzsche, 
2022). Their inclination to act in the best interest of others may 
extend to perceiving AI as a tool used to serve customers better, 
foster relationships and enhance marketing outcomes. 
Additionally, benevolence is closely related to traits like 
agreeableness, which have been linked to more favorable views 
of AI (Sindermann et al., 2022). As such, benevolent marketing 
managers may be more open to adopting AI, seeing it not as a 
threat, but as a partner that helps deliver value to customers:

H5. In the B2B context, a positive relationship exists between 
a marketing manager’s Benevolence and his or her 
Attitude toward AI.

AI fairness aims to decrease bias in AI models using explainable 
AI methods to detect prejudiced data or algorithm bias (Bhatia 
et al., 2024). Algorithmic fairness has been explored in various 
publications (Dwork et al., 2012; Pessach and Shmueli, 2022) 
and is crucial for models that are deployed to achieve larger 
goals (Mitchell et al., 2021). Users who perceive AI systems as 
fair develop favorable attitudes toward them (Shin and Park, 
2019), reducing skepticism and building trust. When marketers 
believe AI operates impartially, they view it as a valuable tool 
(Cabiddu et al., 2022) and are more likely to engage with it, 
integrating it into daily workflows. Fairness perceptions also 
contribute to the sense that AI aligns with ethical standards, 
reinforcing its legitimacy and usefulness in marketing 
(Cavique, 2024):

H6. In the B2B context, a positive relationship exists between 
a marketing manager’s AI Fairness perception and his or 
her Attitude toward AI.
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Transparency in AI algorithms is crucial for shaping users’ 
perceptions and attitudes. The major aspects of transparency 
are simulatability, decision-making and algorithmic 
transparency (Bhatia et al., 2024). When marketing managers 
understand how AI systems make decisions, this understanding 
reduces uncertainty and promotes trust (Zerilli et al., 2019). 
Transparency mitigates anxiety, enables clarity and makes 
users feel more comfortable with AI. Studies have shown that 
transparent AI systems are viewed as fair and reliable, fostering 
positive attitudes (Shin et al., 2020). As a result, marketers 
develop favorable attitudes toward AI, reducing uncertainty 
and increasing trust through transparency:

H7. In the B2B context, a positive relationship exists between 
a marketing manager’s Transparency of the algorithm 
perception and his or her Attitude toward AI.

Following the findings of the literature cited above, we propose 
a conceptual model on the antecedents of attitude toward AI 
with reference to B2B managers. The antecedents relate to a 
sense of AI control, benevolence and the perception of AI 
fairness, as well as the transparency of the AI algorithm. At the 
same time, the consequence results in a marketing manager’s 
perception of the performance of AI. Figure 2 depicts the latent 
variables integrated in our structural model as well as the 
hypotheses discussed in this section. For the formation of 
constructs, please refer to Table 1. The model illustrates the 
hypothesized relationships between the key constructs 
influencing managers’ attitudes toward AI in organizational 
decision-making.

4. Quantitative research design overview

This research adopts a two-phase, iterative design to examine 
the relationships between theoretically specified constructs that 
influence managers’ attitudes toward AI and the perceived 
performance of AI in B2B settings and then to further explore 
selected findings through content analysis. This iterative design 
allowed us to test theoretically grounded relationships across a 
broader sample and then further interpret or contextualize the 

results by examining how actors experience the focal 
phenomenon in practice (Wellman et al., 2023).

In the first phase, a survey was conducted among B2B 
marketing managers to test the hypothesized relationships 
between sense of control, AI fairness, transparency of algorithms, 
benevolence, attitude toward AI and expected AI performance. A 
quantitative design was appropriate because the research 
questions and hypotheses examine the direction and strength of 
relationships among established constructs. A statistical 
analysis allowed us to systematically assess the proposed model 
across a larger sample of managers and evaluate the relative 
importance of the examined factors.

The second phase introduced an iterative extension of the 
study. The results of the first study indicated that algorithmic 
transparency did not significantly influence managers’ attitudes 
toward AI, despite the theoretical expectations of its 
importance. To better understand this observation, Study 2 
was designed as a follow-up focusing on concrete AI use cases 
in B2B marketing contexts. This phase enabled a more detailed 
examination of how managers interpret and experience 
transparency when interacting with AI systems and whether 
they perceive it as a more experiential and potentially 
multidimensional concept than could be captured through the 
initial survey.

5. Study 1: factors influencing AI performance in 
B2B settings

5.1 Sampling and measurements
The authors distributed an online questionnaire in March 2024 
by specifically targeting English-speaking marketing managers 
residing in the USA. Data were collected using Prolific, a 
crowdsourcing platform frequently used in academic research 
to recruit specific professional populations (Palan and Schitter, 
2018). Prolific’s filtering tools allowed us to efficiently reach 
groups of management professionals, and its reliability has been 
supported by studies showing higher attentiveness and honesty 
compared to other crowdsourcing platforms (Peer et al., 2022). 
To ensure data quality, participants were required to pass two 
attention checks embedded in the survey. Respondents who 

Figure 2 Structural equation model including hypotheses
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reported having no subordinates were excluded from the final 
sample, as the study focused on individuals in managerial roles. 
In total, 167 B2B managers participated in a survey and 
completed the questionnaire. Participants aged 20–67, half 
female and half male.

Table 1 contains the measurement items used in this 
investigation. Some adjustments were required to fit the 
measurement items within our framework, even though they 
were created using the same construct that was previously 
described in the literature.

5.2 Results
The research study begins with four open-ended questions to 
explore managers’ personal experiences with AI and its 
implementation within their organizations. The authors also 
sought to understand the perceptions of AI’s most significant 
potential in marketing. The authors asked participants for their 
opinions about how AI can aid in making better marketing- 
related decisions under uncertain conditions. Despite 
limitations such as the lack of trust in AI and doubts about its 
ability to reliably predict the future, survey participants 
emphasized several benefits, including content customization, 
data analysis and trending, decision support, targeting and 
personalization, risk reduction and strategic adaptability. These 
results align with the findings of Paschen et al. (2019, 2020), 
who argue that companies should empower themselves to use 
AI strategically at the core of marketing. Our results confirm 
the findings of Bashir et al. (2024) that B2B marketing 
managers are consistently seeking to leverage AI to enhance 
their efficiency and effectiveness.

The authors simultaneously tested the relationships 
hypothesized in our framework using structural equation 
modeling (SEM) with SmartPLS software (Ringle et al., 2005; 

Henseler et al., 2016). PLS-based fitting of SEM is suited for 
causal-predictive analysis in situations of high complexity but 
with low theoretical information (Jöreskog and Wold, 1982). 
The characteristics of PLS are said to be advantageous, since 
“theory construction is as important as theory verification” 
(Deshpande, 1983, p. 107). Bootstrapping was used to 
evaluate the significance (t-values, p-values and variances) of 
the path coefficients. All the fit criteria (see Table 2) present 
perfect reliability. Figure 3 highlights significant path 
correlations.

The authors were able to explain 60.7% of the variance in a 
manager’s attitude toward the use of AI. Additionally, 67.5% of 
the variance in the performance of AI was explained, correlations 
driven by the attitude toward AI and sense of control. The authors 
assessed the reliability of the data using Cronbach’s alpha, 
average variance extracted and composite reliability (see 
Table 2). The study results confirmed the hypotheses H1–H6, 
while hypothesis H7 was not supported.

The model suggests a chain reaction: sense of control is the 
central influencing factor. It directly increases attitudes, 
benevolence and performance. Attitude toward AI acts as a 
mediator: it boosts performance and perceptions of benevolence. 
AI fairness helps shape attitudes, but transparency of algorithm 
does not. The model demonstrates that participants’ feelings of 
control over AI is the single most important factor that shapes 
how positively they view AI.

5.3 Discussion: influencing factors
Despite the promise of AI in enhancing B2B marketing 
activities, a substantial proportion of organizations are still 
struggling to leverage their AI investments in a way that adds 
value (Mikalef et al., 2023). Our study results indicate that 
managers perceive certain aspects of AI usage differently. A 

Table 1 Formation of constructs

Name of construct Items Authors

AI fairness FAIR1. AI has no favoritism and does not discriminate against people Shin and Park, 2019
FAIR2. The source of data throughout an algorithm and its data sources can be identified, logged, 
and benchmarked
FAIR3. I believe AI follows due process of impartiality with no prejudice 

Transparency of AI TRA1. I think that the evaluation and the criteria used by AI are typically understandable to people Shin and Park, 2019
TRA2. Any outputs produced by AI are usually explainable to the people affected by those outputs
TRA3. In my opinion, typical AI lets people infer the internal working of a system based on its 
external outputs

Sense of control AG1. Using AI, I feel as if I could influence the actions of the algorithms Kalckert and Ehrsson, 2012
AG2. I feel as if I could exert control over AI
AG3. In general, AI is obeying my will, so it acts just like I want it

Attitude toward AI ATT1. Using AI is a good idea Dwivedi et al., 2017; Cao et al., 
2021ATT2. Using AI is a foolish idea

ATT3. I like the idea of using AI
ATT4. Using AI would be pleasant

Benevolence BE1. I believe that AI will warn me if it recommends a decision that can be wrong or harmful Gao and Waechter, 2017
BE2. I believe that AI has my best interests in mind
BE3. I think that AI is concerned with the present and future interests of users

Performance of AI PER1. I think that AI can provide outputs that reflect my personalized preferences Shin et al., 2020
PER2. I suppose that outputs given by AI can match my needs
PER3. I think that the outputs produced by algorithms are accurate
PER4. Outputs of algorithms are in general precise
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strong positive relationship exists between managers’ sense of 
control and their performance of AI and sense of control also 
positively influences attitude toward AI. This pattern is 
consistent with research on trust in automation and algorithm 
aversion, which shows that users are more willing to rely on 
algorithmic systems when they feel able to supervise and, if 
necessary, override their outputs (Dietvorst et al., 2018; Lee 
and See, 2004). In B2B settings, where marketing decisions 
often affect long-term, high-value relationships, retaining such 
control is likely interpreted as a way to manage the relational 
and performance risks of AI-supported decisions.

In the data set, benevolence (e.g. “I believe that AI will warn 
me if it recommends a decision that can be wrong or harmful”) 
has a positive impact on the manager’s attitude toward AI. This 
finding aligns with the literature on trust that describes 
benevolence – the belief that the other party acts in one’s 
interest – as a core dimension of trust alongside ability and 
integrity (Bedué and Fritzsche, 2022). Our results suggest that 
B2B managers do not view AI merely as a technical tool, but 
also as a partner-like system whose outputs must be reliable and 
non-harmful to be accepted. No relationship was found 
between transparency of the algorithm (e.g. “any outputs 
produced by AI are explainable to the people affected by those 
outputs”) and a manager’s attitude toward AI. This differs from 

several studies on marketers’ expectations from AI, which 
emphasize transparency (Huang and Rust, 2022; Wanner et al., 
2023). However, authors agree that B2C marketing differs 
from B2B marketing (Feike and Rösch, 2024). In B2B, 
transparency may be less significant in a narrow, technical 
sense, because decisions are more structured and they are 
evaluated on technical soundness rather than emotional 
resonance; managers may prioritize accurate, fair and 
controllable outputs over detailed explanations of model 
internals (Petrescu et al., 2022). This interpretation was the 
motivation behind Study 2, which explores how B2B managers 
define and interpret transparency.

Our study reveals that a sense of control and attitude toward AI 
impact performance of AI understood here as the expected 
performance in B2B marketing decision-making. This is 
consistent with expectancy theory and technology acceptance 
models, which link beliefs about usefulness and control to 
performance expectancy and adoption (Venkatesh et al., 2003). 
We agree that AI competence is a core competency for 
organizations to ensure creative deployment of AI. This 
conclusion impacts AI marketing communication in industrial 
business fields: firms must not only build technical AI 
capabilities but also design governance and interfaces that 
strengthen managers’ sense of control and perceptions of 

Table 2 Goodness of fit criteria

B2B Cronbach’s alpha Composite reliability (rho_a) Composite reliability (rho_c) Average variance extracted (AVE)

AI fairness 0.804 0.806 0.804 0.578
Attitude toward AI 0.912 0.920 0.913 0.727
Benevolence 0.837 0.842 0.837 0.632
Performance of AI 0.857 0.862 0.861 0.607
Sense of control 0.807 0.816 0.807 0.584
Transparency of algorithm 0.831 0.852 0.829 0.623

Figure 3 Results of PLS path modeling
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benevolence. We confirm Shin and Park’s (2019) findings that 
social topics such as fairness, transparency and accountability 
must be addressed in the context of AI user experiences. The 
analysis of answers to open-ended questions highlights fact- 
based factors such as content customization, decision support, 
targeting, personalization, risk reduction and strategic 
adaptability, which are crucial for B2B marketers when working 
with AI (Brink et al., 2024).

6. Study 2. Transparency of AI in B2B marketing 
contexts

6.1 Motivation for Study 2
Study 1 shows that managers’ attitudes toward AI are 
influenced by perceived fairness, sense of control and 
benevolence. However, unlike recent consumer-facing B2C 
studies (Hermann and Puntoni, 2024; Mourali et al., 2025), 
where transparency often shapes responses to concrete AI 
outputs and decisions, the transparency of algorithms was not 
significant in our model. In the literature, transparency is 
commonly understood as the ability to “open the black box” of 
AI systems by making their functioning or decision logic 
interpretable to users (Larsson and Heintz, 2020; Von 
Eschenbacher, 2021). In managerial contexts, transparency 
may be a more experiential, potentially multidimensional 
construct that becomes salient primarily through direct 
interaction with AI systems and may extend beyond simple, 
explainable AI mechanisms. The unexpected transparency 
result motivated a second phase to explore how managers 
understand and experience transparency in real-world AI use, 
consistent with the iterative research design adopted in this 
study. Accordingly, Study 2 adopts a content analysis approach 
to understand how managers interpret the meaning of AI 
transparency and its connection (or lack thereof) to their 
attitudes toward AI in B2B marketing contexts. This leads to 
the following research question:

RQ4. Given that AI systems are designed to be unbiased and 
to operate based on algorithms, why does perceived 
algorithmic transparency not influence managers’ 
attitudes toward AI?

6.2 Sampling and method
To address RQ4, a study was conducted among B2B marketing 
managers to investigate how they conceptualize AI 
transparency and its relation to their attitudes toward AI in 
practice. Respondents answered open-ended questions about 
the use of AI in marketing, their attitudes toward AI and its 
trustworthiness (see Table B in the Supplementary material). 
The questionnaire was distributed in April 2025 to English- 
speaking marketing managers residing in the USA on the 
Prolific platform, using the same selection criteria as in Study 1. 
In total, 66 usable responses were obtained.

The data were analyzed using content analysis to identify 
attributes and components shaping managers’ understanding 
of AI transparency (Elo and Kyngäs, 2008). The analysis 
involved data reduction, response grouping and concept 
formation without using a predefined coding framework.

ATLAS.ti software supported the textual analysis (Friese 
et al., 2018). Because many responses were relatively brief, the 
software’s LLM-assisted functionality was used for initial data 
reduction and coding. The AI-generated coding was critically 
reviewed and validated by the researchers, following recent 
recommendations on combining AI-assisted analysis with 
human oversight (Lee et al., 2024). This analytical process 
resulted in the identification of three main concepts: AI 
transparency, including ethics, explainability, rules of control 
and trustworthiness; attitude toward AI, capturing both 
positive and negative evaluations of AI and use of AI in B2B 
marketing, including applications such as data analysis, 
prediction and automation. Examples of responses and the 
corresponding coding structure are presented in Table C in the 
Supplementary material.

6.3 Use of AI by B2B marketing managers
The results indicate that the application of AI in B2B marketing 
is predominantly associated with advanced data analytics. AI’s 
primary role lies in its ability to analyze extensive customer data 
sets, detect behavioral patterns and translate these insights into 
actionable segmentation and personalization strategies. AI’s 
analytical capabilities enable the integration of heterogeneous 
data formats and sources, such as CRM logs, e-mail 
interactions and social media activity, thereby facilitating a 
more comprehensive understanding of customer behavior 
across the entire marketing ecosystem. A B2B marketer 
expressed it this way:

AI should excel at analyzing vast datasets of customer interactions, 
behaviors, and preferences to create granular customer segments and 
individual-level profiles [. . .] I expect AI to identify non-obvious patterns 
and correlations that human analysts might miss.

Beyond descriptive analytics, AI also supports evaluative and 
experimental marketing practices. Several respondents 
described using AI to test alternative scenarios, for example, 
automated A/B testing or the exploration of strategic 
alternatives for planned marketing actions. AI was also reported 
to enhance performance analysis by identifying correlations 
between marketing activities and measurable outcomes, using 
its capacity to combine and process multichannel data.

A significant area of AI application concerns marketing 
planning and forecasting. AI-driven predictive models were 
described as being useful for anticipating customer 
expectations and behavioral trends, as well as for identifying 
broader market developments. This predictive functionality 
contributes to more informed and forward-looking marketing 
strategies, enabling marketers to allocate resources more 
efficiently and tailor their initiatives to emerging conditions.

Participants noted that AI tools can automate routine or 
repetitive activities, reduce manual workload and allow 
marketers to focus on higher-level strategic tasks. Lead scoring 
was frequently cited as a particularly effective use case, with 
respondents describing how AI supports a more precise 
evaluation of sales prospects. In addition, AI was reported to 
contribute to more strategic functions such as customer 
segmentation and communication personalization, reflecting 
its expanding role across the marketing value chain.

AI is increasingly being viewed as a decision-support 
mechanism. By automating complex analytics and offering 
recommended actions based on data-driven insights, AI assists 
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marketers in making more confident and informed decisions. 
This aligns with broader perceptions in the data set that AI not 
only accelerates work processes but also enhances the quality 
and the rigor of marketing decision-making. This opinion 
reflects AI’s role in decision-making in B2B marketing: 
“SOME of the current AI are very inaccurate when you insert 
complex data.”

6.4 Attitudes toward AI
Participants’ responses indicate a predominantly positive 
orientation toward the technology. Respondents consistently 
emphasized AI’s capacity to process and synthesize large 
volumes of data, often exceeding what could feasibly be 
handled by human analysts within comparable timeframes. 
This enhanced analytical capability was regarded as particularly 
valuable when integrating information originating from 
multiple sources, such as CRM systems, social media platforms 
and e-mail communications. Through this integration, AI 
facilitates a more holistic understanding of customer behavior 
and marketing performance. A B2B marketer said that: “AI can 
process large volumes of customer data quickly, helping us 
uncover patterns, trends, and insights that would be difficult to 
spot manually. This allows for more informed and timely 
decision-making.”

Moreover, because AI systems are inherently reliant on data 
inputs, their implementation appears to encourage the 
adoption of more data-driven practices in marketing functions. 
Several managers noted that AI contributes to the 
institutionalization of data-driven decision-making by linking 
marketing activities more explicitly to measurable performance 
indicators. In this sense, AI not only increases efficiency but 
also reshapes managerial approaches to evaluation, 
accountability and strategic alignment.

Respondents portrayed AI as a significant support tool in 
managerial decision-making. AI applications were described as 
enabling deeper customer insight generation, pattern detection 
across diverse data sets and the identification of emerging 
trends that may not be readily observable to human decision- 
makers. These capabilities were perceived as improving both 
the precision and confidence with which decisions are made, 
enhancing the overall quality of marketing work. One opinion 
was: “AI tools can process large amounts of data quickly and 
extract actionable insights, helping to identify trends, patterns, 
and customer behaviors that might be difficult to uncover 
manually.”

Responses occasionally express concern, including 
references to negative influences on work processes. These 
remarks suggest that challenges may persist in relation to 
system usability, integration demands or the perceived 
reliability of AI-generated output. Managers noted several 
potential drawbacks associated with AI. These included AI- 
generated hallucinations, biases in AI-derived results, the 
complex and often opaque nature of AI decision-making 
processes, concerns over the uncertainty of controlling AI 
systems and issues surrounding accountability for AI-driven 
outcomes.

6.5 Transparency of AI
The notion of transparency holds a multifaceted and nuanced 
meaning for B2B marketing managers. Participants did not 

view transparency as a single characteristic, but rather as a 
constellation of interrelated features that collectively determine 
whether an AI system can be trusted and effectively integrated 
into their professional workflows. At the most fundamental 
level, respondents associated transparency with the algorithm’s 
internal functioning, emphasizing that AI can be regarded as 
transparent only when it is grounded in credible, representative 
and diverse data sets. Transparency requires that the system 
consistently produce accurate outcomes across repeated 
interactions and in a variety of contexts. Consistency and 
accuracy were perceived not merely as technical qualities but as 
signals that the underlying data and model logic are sound, 
thereby making the AI’s operations intelligible and trustworthy. 
One of the managers expressed it this way: “If I understand 
how the AI tool makes decisions and can see the data it is based 
on, I am more likely to trust its outputs. I also want to know that 
the tool is regularly audited for bias and errors.”

Beyond the algorithmic dimension, transparency was also 
linked to the establishment of clear rules and mechanisms 
governing human control over AI processes. Respondents 
repeatedly emphasized their preference for AI systems that 
maintain a strong “human-in-the-loop” structure, where 
human users retain oversight and ultimately approve or accept 
AI-generated outcomes. This expectation was tied to a broader 
concern for responsibility and accountability: managers 
highlighted the importance of clearly delineating how decision- 
making authority is shared between human actors and 
technological systems. They expressed a desire for explicit 
statements that clarify whether responsibility for actions or 
errors lies with the individual user, the algorithm or the 
organization implementing it. Ethical considerations also 
featured prominently in participants’ assessments of 
transparency. Many respondents underscored the need for 
robust frameworks addressing data protection, especially 
regarding the handling of customer information used to train or 
operate AI models. Ethical guidelines for human–AI 
collaboration were viewed as essential for ensuring that AI 
adoption aligns with organizational values and external 
regulations. Legal compliance, including adherence to privacy 
legislation and industry standards, was framed as a critical 
condition for creating an environment in which AI use is 
perceived as safe, responsible and transparent.

To support transparency across these dimensions, 
respondents identified explainability as a central feature that AI 
systems must possess. Several elements emerged as necessary 
components of meaningful explanations. First, privacy and 
security rules must be explicitly communicated, including what 
data the AI uses, how it is stored and who has access to it. 
Second, participants expected clarity regarding the sources of 
data that feed the AI models, as this helps them assess reliability 
and potential biases. Third, managers stressed the importance 
of understanding the AI’s reasoning processes. They wanted 
insight into how the system makes decisions, which criteria it 
prioritizes and why particular recommendations are generated. 
Additionally, respondents expressed a desire for assurances that 
the AI that is deployed includes mechanisms to identify, avoid 
and correct biases or errors. This emphasis on self-regulation 
reflects a broader demand for systems that are not only 
transparent but also capable of demonstrating their own 
safeguards and quality-control processes. A manager said that 
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“Transparency clearly explains how decisions or predictions 
are made. I don’t need to see every line of code, but I should 
understand the logic or data driving the outcomes.”

Respondents distinguished transparency from fairness, 
viewing them as related yet conceptually distinct dimensions of 
trustworthy AI. While transparency was associated with 
understanding how AI systems operate, fairness was linked 
directly to the quality and neutrality of the data used to train 
and inform algorithmic processes. Participants emphasized that 
data sets must be free from structural or historical biases to 
prevent discriminatory outcomes, particularly in areas such as 
customer segmentation, lead scoring or personalized 
communication. They stressed that biased data might 
undermine the legitimacy of AI-driven actions, regardless of 
how transparent the system’s internal logic may be. For the 
managers, fairness functioned as a safeguard, ensuring that AI 
systems do not reinforce inequities or produce systematically 
skewed decisions. Importantly, respondents pointed out that 
transparency and fairness together constitute the foundation of 
AI trustworthiness. Transparency enables users to understand 
and evaluate AI decisions, while fairness ensures that these 
decisions are ethically sound and applied equitably across 
customer groups. Without the presence of both qualities, 
participants believed that AI cannot be fully trusted or 
responsibly integrated into B2B marketing practices.

6.6 Discussion
Our findings indicate that AI in B2B marketing functions at the 
intersection of analytics, automation and strategic insight 
generation. Although the data set reflects predominantly 
positive experiences, it also underscores the need for the careful 
integration of AI tools into existing marketing workflows to 
fully realize their potential to support decision-making. Overall, 
managers perceive AI as an enabling technology that enhances 
analytical capabilities, streamlines processes and establishes 
more informed decision-making. At the same time, the 
presence of critical perspectives highlights the importance of 
managing expectations and addressing implementation 
challenges to ensure successful adoption.

These findings demonstrate an alignment between 
managers’ attitudes toward AI – viewed primarily as a 
technology that facilitates their work – and the ways in which 
they use it, mainly as an analytical tool. This pattern mirrors the 
results of Study 1 and aligns with previous research suggesting 
that AI’s analytical function plays a central role for marketers 
(Huang and Rust, 2018). However, this role appears relatively 
conservative when contrasted with more recent 
conceptualizations of “thinking” and “feeling” AI in marketing 
(Huang and Rust, 2022, 2024).

Interestingly, respondents did not report using generative AI, 
which contrasts with recent scholarly arguments about its 
growing importance in marketing practice (Grewal et al., 2025; 
Kshetri et al., 2024). One explanation may lie in the nature of 
B2B marketing work, where data tends to be highly structured 
and where prescriptive and predictive analytics remain central 
to decision-making processes (Hallikainen et al., 2020). 
Despite this, content marketing is a significant component of 
B2B strategy, implying that marketers must regularly produce 
content (Terho et al., 2012). The absence of generative AI in 
their accounts may suggest either that such content is still 

created manually or that its use was not explicitly recognized or 
disclosed in this study.

Another plausible explanation relates to the relatively early 
stage of generative AI adoption within organizations. Many 
companies continue to limit or regulate access to generative AI 
tools, meaning that marketers may lack institutional permission 
or the technological infrastructure to experiment with them. In 
such contexts, practitioners’ experience with AI would 
naturally be dominated by predictive analytics, 
recommendation systems and marketing automation 
technologies. Additionally, firms may impose restrictions due 
to the perceived risks, compliance concerns and data protection 
requirements (Li, 2025), slowing the integration of generative 
AI into everyday marketing activities.

Study 2 shows that attitudes toward AI are strongly linked to 
perceptions of its transparency. This finding contrasts with 
Study 1, but the difference can be explained by how B2B 
marketing managers conceptualize this feature of the 
technology. For these managers, transparency extends far 
beyond technical clarity; it encompasses ethical, procedural 
and operational dimensions. They understand transparency as 
the combination of accurate and reliable model behavior, 
clearly defined structures for human oversight, robust ethical 
and legal frameworks and mechanisms that enable meaningful 
explainability. Managers reported feeling confident in using AI 
for analytical, strategic and decision-making tasks only when 
these elements are present. This interpretation of transparency 
is considerably more nuanced than what emerged in Study 1, as 
well as in many studies that use Shin and Park’s (2019)
measurement scale. It is therefore possible that the scale used in 
Study 1 did not sufficiently capture the multidimensional 
nature of transparency, limiting its ability to detect its 
importance. Professional users need multidimensional 
transparency to understand how the algorithm proceeds with 
data (Leszczy�nski et al., 2025).

The need for a more nuanced understanding of AI 
transparency can also be attributed to the characteristics of B2B 
marketing work. Operating in environments that are defined by 
long-term contracts, scrutiny from multiple stakeholders 
(Saura et al., 2020) and making decisions involving high-stakes 
customer relationships (Ferro-Soto et al., 2025), managers 
place a strong emphasis on data governance, compliance and 
ethical accountability (Behera et al., 2022). Because B2B 
marketers often maintain close, ongoing relationships with 
clients, they may be required to explain or justify AI-supported 
decisions directly to them. As a result, understanding the logic 
behind AI output becomes not only desirable, but it is also 
essential in sustaining trust and maintaining these 
relationships.

7. Conclusions

7.1 Final conclusions
From a company-level perspective, our findings indicate that 
B2B firms deploy AI conservatively yet strategically as decision- 
support infrastructure for data integration, forecasting and 
routine automation. Rather than stand-alone innovations, 
managers embed AI into portfolio management for tasks like 
lead scoring and risk reduction. This operationalizes prior work 
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on rational, data-driven B2B marketing (Hallikainen et al., 
2020; Mikalef et al., 2023; Paschen et al., 2019).

Contrary to literature linking adoption directly to 
commercial gains (Kumar and Bargavi, 2024), B2B 
performance depends not on technical sophistication but on 
managerial attitudes and, crucially, sense of control. This driver 
boosts attitudes, benevolence and performance expectancy. 
Managers recognize that AI errors can damage long-term 
relationships; thus, benefits materialize only when they can 
monitor, correct or override outputs to align with ethical 
norms. Conversely, perceived loss of control to opaque systems 
threatens trust and stability (Keegan et al., 2023; Papagiannidis 
et al., 2023), reducing expected performance.

Finally, B2B AI success relies on specific fairness and 
transparency configurations where ethical behavior supersedes 
technical understanding. Extending prior work (Shin and Park, 
2019; Mitchell et al., 2021), we define B2B transparency as 
pragmatic assurances making outputs defensible. Firms must 
treat AI as relational governance – integrating oversight and 
accountability – to bridge micro-perceptions and macro- 
outcomes, ensuring technology, agency and relationships 
remain aligned.

7.2 Theoretical contribution
This study offers three theoretical contributions. First, it links 
AI antecedents to B2B marketing performance and buyer–seller 
relationships, moving beyond prior focus on technology features 
or cognitive factors (Cao et al., 2021). In B2B, where 
performance relies on long-term high-value relationships 
(Cannon and Perrault, 1999), managers prioritize relational 
outcomes. Consistent with technology acceptance models 
(Venkatesh et al., 2003), positive attitudes correlate with 
expected performance. Crucially, perceived control is vital: 
managers expect AI to improve results only when they can 
monitor and override outputs to prevent relationship-damaging 
errors. This shifts the view from generalized marketing 
performance (Lamberti and Noci, 2010) to a human-oriented 
perspective where control safeguards relationships.

Second, we show that B2B managers adopt a pragmatic 
stance toward AI. While existing research focuses on functional 
issues like ambiguity and bias (Cabiddu et al., 2022; Gaczek 
et al., 2023; Ransbotham et al., 2017), less attention has been 
paid to fairness and benevolence (Shin et al., 2020). Managers 
accept partial opacity but demand “pragmatic transparency” –
credible data, consistent outputs and clear oversight – to ensure 
fair, benevolent behavior. This addresses integrating semi- 
opaque AI into governance without eroding trust (Keegan 
et al., 2023; Dwivedi and Wang, 2022). Resonating with AI-as- 
teammate literature (Georganta and Ulfert, 2024), our findings 
suggest trust in B2B depends on ethical conduct rather than full 
technical understanding (Cavique, 2024).

Third, we position perceived managerial control as a 
relational governance mechanism. While control generally 
drives adoption (Legaspi et al., 2024), we demonstrate its 
critical role even amidst positive attitudes. As stewards of 
relationships (Palmatier et al., 2006), managers require the 
ability to oversee and override AI (Dietvorst et al., 2018; Lee 
and See, 2004; Legaspi et al., 2024). Shifting control to 
machines risks damaging customer relationships (Keegan et al., 
2023). Thus, while AI aids coordination (Paschen et al., 2019), 

B2B managers insist on retaining agency to protect trust and 
accountability.

7.3 Managerial implications
This study emphasizes designing AI systems that managers can 
trust and integrate into decision-making. Acceptance depends 
less on algorithmic transparency and more on practical 
performance within B2B realities. Managers evaluate AI via 
experiential cues: fairness, controllability, workflow relevance 
and support quality.

Addressing RQ1, attitudes are primarily driven by perceived 
control, benevolence and fairness. Both control and attitude 
significantly influence perceived AI performance.

For RQ2, perceived performance stems from psychological, 
ethical and contextual judgments rather than technical 
attributes. Performance improves when managers understand 
AI’s effects, influence outputs and see alignment with core 
processes (e.g. lead qualification). Fairness strengthens trust; 
controllability reduces uncertainty, creating a reinforcing cycle 
of confidence and positive attitudes.

Regarding RQ3, perceived fairness significantly influences 
attitudes toward AI use, indirectly improving performance 
outcomes. Conversely, perceived algorithmic transparency 
shows no significant effect, leading to the rejection of H7.

These findings suggest managers prioritize outcome- 
oriented and normative considerations – fairness and alignment 
with goals – over technical explainability. In complex B2B 
contexts where AI often operates as a “black box,” managers 
remain unconcerned with internal logic provided outputs are 
fair, unbiased and supportive of organizational objectives.

Importantly, the model reveals that sense of control is the 
dominant driver with reference to attitudes toward AI. Sense of 
control directly enhances attitudes toward AI, perceptions of 
benevolence and AI performance. Managers’ willingness to 
adopt AI is less about system visibility and more about their 
perceived ability to supervise, influence and override AI-driven 
decisions when necessary.

Overall, RQ3 confirms that fairness outweighs transparency 
in shaping attitudes, yet both remain secondary to sense of 
control. This extends trust and algorithm aversion literature 
(Dietvorst et al., 2018; Lee and See, 2004), establishing control 
and fairness – not explainability – as critical for B2B AI 
acceptance.

Addressing RQ4, algorithmic transparency fails to influence 
attitudes because it does not yield meaningful process 
understanding. As Ribeiro et al. (2016) noted, managers lack 
the expertise or motivation to interpret model details; thus, 
technical transparency builds little trust. Instead, they respond 
to functional explainability: how AI affects decisions and 
whether outcomes are fair, consistent and beneficial.

Interviews reinforced this, with participants valuing AI for 
automating routine tasks, reducing manual effort and enabling 
strategic focus. Respondents highlighted its role in 
segmentation and personalized communication, describing it 
as a decision-support mechanism that accelerates analysis and 
provides data-driven recommendations. In B2B marketing, 
value stems from enhancing efficiency, rigor and strategy – not 
algorithmic transparency – even when tools face limitations 
with complex data.
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Consequently, organizations should avoid overinvesting in 
technical transparency. Instead, prioritize practical 
explainability, ethical data practices and interfaces that enhance 
managerial control. Firms must integrate AI into workflows 
supporting real tasks (e.g. lead scoring, segmentation) while 
ensuring insights are actionable. We propose the following 
seven-step implementation process:
1 establish ethical and data governance foundations;
2 provide meaningful, practical explainability rather than 

technical transparency;
3 align AI applications with business-critical B2B use cases;
4 develop AI competence and cross-functional 

collaboration;
5 enhance managers’ sense of control by integrating AI into 

workflows;
6 reinforce trust through consistent, fair and interpretable 

outcomes; and
7 balance AI automation with human interaction to 

preserve relationship quality.

In summary, AI acceptance and perceived performance in B2B 
firms depend less on understanding algorithms and more on 
how AI supports work, improves decisions and fits within 
established relational and operational practices. By prioritizing 
usability, fairness, trust and competence development, 
organizations can deploy AI responsibly and effectively across 
the marketing value chain.

7.4 For further studies
Future studies should investigate managers’ interactions with 
AI using experimental designs, exploring transparency and 
fairness under various conditions. Research should examine the 
mediating role of transparency and fairness in shaping 
responses to AI outputs (vs human recommendations) and 
sector-specific/cultural variations in prioritizing these factors. 
Future research may also concentrate on other countries to 
learn if managers’ attitude toward AI differs from country to 
country.

References

Amankwah-Amoah, J., Abdalla, S., Mogaji, E., Elbanna, A. 
and Dwivedi, Y.K. (2024), “The impending disruption of 
creative industries by generative AI: opportunities, 
challenges, and research agenda”, International Journal of 
Information Management, Vol. 79, p. 102759.

Bashir, T., Zhongfu, T., Sadiq, B. and Naseem, A. (2024), 
“How AI competencies can make B2B marketing smarter: 
strategies to boost customer lifetime value”, Frontiers in 
Artificial Intelligence, Vol. 7, p. 1451228.

Bedué, P. and Fritzsche, A. (2022), “Can we trust ai? an 
empirical investigation of trust requirements and guide to 
successful AI adoption”, Journal of Enterprise Information 
Management, Vol. 35 No. 2, pp. 530-549.

Behera, R.K., Bala, P.K., Rana, N.P. and Kizgin, H. (2022), 
“Cognitive computing based ethical principles for 
improving organisational reputation: a B2B digital 
marketing perspective”, Journal of Business Research, 
Vol. 141, pp. 685-701.

Bhatia, S., Mittal, V. and Sabharwal, S. (2024), ““Building 
trust and transparency in AI: a review of explainable AI and 
its ethical implications”, International Conference on Emerging 
Technologies and Innovation for Sustainability (EmergIN), 
IEEE, pp. 650-655.

Brink, A., Benyayer, L.-D. and Kupp, M. (2024), “Decision- 
making in organizations: should managers use AI”, Journal of 
Business Strategy, Vol. 45 No. 4, pp. 267-274.

Cabiddu, F., Moi, L., Patriotta, G. and Allen, D.G. (2022), 
“Why do users trust algorithms? A review and 
conceptualization of initial trust and trust over time”, 
European Management Journal, Vol. 40 No. 5, pp. 685-706.

Cannon, J. and Perrault, W.J. (1999), “Buyer-seller 
relationships in business markets”, Journal of Marketing 
Research, Vol. 36 No. 4, pp. 439-460.

Cao, G., Duan, Y., Edwards, J.S. and Diwivedi, Y.K. (2021), 
“Understanding managers’ attitudes and behavioral 
intentions towards using artificial intelligence for 
organizational decision-making2”, Technovation, Vol. 106, 
pp. 2-26.

Cavique, L. (2024), “Implications of causality in artificial 
intelligence”, Frontiers in Artificial Intelligence, Vol. 7, 
p. 1439702.

Chatterjee, S., Rana, N.P., Tamilmani, K. and Sharma, A. 
(2021), “The effect of AI-based CRM on organization 
performance and competitive advantage: an empirical 
analysis in the B2B context”, Industrial Marketing 
Management, Vol. 97, pp. 205-219.

Choi, Y. (2021), “A study of employee acceptance of artificial 
intelligence technology”, European Journal of Management 
and Business Economics, Vol. 30 No. 3, pp. 318-330.

Darda, K., Carre, M. and Cross, E. (2023), “Value attributed 
to text-based archives generated by artificial intelligence”, 
Royal Society Open Science, Vol. 10 No. 2, p. 220915.

Davenport, T., Guha, A., Grewal, D. and Bressgott, T. (2020), 
“How artificial intelligence will change the future of 
marketing”, Journal of the Academy of Marketing Science, 
Vol. 48 No. 1, pp. 24-42.

Deshpande, R. (1983), “Paradigms lost: on theory and method 
in research in marketing”, Journal of Marketing, Vol. 47 
No. 4, pp. 101-110.

Dietvorst, B.J., Simmons, J.P. and Massey, C. (2018), 
“Overcoming algorithm aversion: people will use imperfect 
algorithms if they can (even slightly) modify them”, 
Management Science, Vol. 64 No. 3, pp. 1155-1170.

Dwivedi, Y.K., et al. (2017), “An empirical validation of a 
unified model of electronic government adoption 
(UMEGA)”, Government Information Quarterly, Vol. 34 
No. 2, pp. 211-230.

Dwork, C., et al. (2012), “Fairness through awareness”, 
Proceedings of the 3rd innovations in theoretical computer science 
conference, Association for Computing Machinery, New York, 
NY, pp. 214-226.

Elo, S. and Kyngäs, H. (2008), “The qualitative content 
analysis process”, Journal of Advanced Nursing, Vol. 62 No. 1, 
pp. 107-115.

Feike, M. and Rösch, J. (2024), “Nuanced but important: a 
literature-based comparison between B2B and B2C 
platforms”, Decision Analytics Journal, Vol. 10, p. 100383.

Managerial attitudes toward AI   

Christine Falkenreck, Grzegorz Leszczy�nski and Piotr Gaczek 

Journal of Business & Industrial Marketing  

Volume 41 · Number 13 · 2026 · 267–281  

278 

Downloaded from http://ftp.nowpublishers.com/jbim/article-pdf/41/13/267/11740684/jbim-07-2025-0698en.pdf by guest on 10 July 2026



Ferro-Soto, C., et al. (2025), “Determinants and outcomes of 
satisfaction in B2B sales relationships”, Journal of Business & 
Industrial Marketing, Vol. 40 No. 13, pp. 61-76.

Friese, S., Soratto, J. and Pires, D. (2018), “Carrying out a 
computer-aided thematic content analysis with ATLAS.ti”, 
MMG Working Paper.

Gaczek, P., Leszczy�nski, G. and Mouakher, A. (2023), 
“Collaboration with machines in B2B marketing: 
overcoming managers’ aversion to AI-CRM with 
explainability”, Industrial Marketing Management, Vol. 115, 
pp. 127-142.

Gaczek, P., Leszczy�nski, G., Kot, M. and Pozharliev, R. 
(2025), “How locus of causality shapes human-AI decision- 
making”, Management Decision, Vol. 63 No. 13, pp. 522-544.

Gao, L. and Waechter, K.A. (2017), “Examining the role of 
initial trust in user adoption of mobile payment services: an 
empirical investigation”, Information Systems Frontiers, 
Vol. 19 No. 3, pp. 525-548.

Georganta, E. and Ulfert, A. (2024), “Would you trust an AI 
team member? Team trust in human–AI teams”, Journal of 
Occupational and Organizational Psychology, Vol. 97 No. 3, 
pp. 1212-1241.

Goodness, S., Shan, A., Oladele, S. and Stark, B. (2025), “AI 
and credit scoring: assessing the fairness and transparency of 
machine learning models in lending decisions”, available at: 
www.researchgate.net/publication/390172601_AI_and_Credi 
t_Scoring_Assessing_the_Fairness_and_Transparency_of_Ma 
chine_Learning_Models_in_Lending_Decisions (accessed 4 
july 2025).

Grewal, D., Satornino, C.B., Davenport, T. and Guha, A. 
(2025), “How generative AI is shaping the future of 
marketing”, Journal of the Academy of Marketing Science, 
Vol. 53 No. 3, pp. 702-722.

Habel, J., Alavi, S. and Heinitz, N. (2024), “Effective 
implementation of predictive sales analytics”, Journal of 
Marketing Research, Vol. 61 No. 4, pp. 718-741.

Haesevoets, T., De Cremer, D., Dierckx, K. and Van Hiel, A. 
(2021), “Human-machine collaboration in managerial 
decision making”, Computers in Human Behavior, Vol. 119, 
p. 106730.

Hallikainen, H., Savimäki, E. and Laukkanen, T. (2020), 
“Fostering B2B sales with customer big data analytics”, 
Industrial Marketing Management, Vol. 86, pp. 90-98.

Henseler, J., Ringle, C.M. and Sarstedt, M. (2016), “Testing 
measurement invariance of composites using partial least 
squares”, International Marketing Review, Vol. 33 No. 3, 
pp. 405-431.

Hermann, E. and Puntoni, S. (2024), “Artificial intelligence 
and consumer behavior: from predictive to generative AI”, 
Journal of Business Research, Vol. 180, p. 114720.

Hsu, C.-Y., Lin, S.-C. and Chien, C.-F. (2015), “A back- 
propagation neural network with a distributed lag model for 
semiconductor vendor-managed inventory”, Journal of Industrial 
and Production Engineering, Vol. 32 No. 3, pp. 149-161.

Huang, M.-H. and Rust, R.T. (2022), “A framework for 
collaborative artificial intelligence in marketing”, Journal of 
Retailing, Vol. 98 No. 2, pp. 209-223.

Jöreskog, K.G. and Wold, H. (1982), The ML and PLS 
Techniques for Modeling with Latent Variables: Historical and 
Comparative Aspects, North Holland, Amsterdam.

Jussupow, E., Benbasat, I.I. and Heinzl, A. (2024), “An 
integrative perspective on algorithm aversion and 
appreciation in decision-making”, MIS Quarterly, Vol. 48 
No. 4, pp. 1575-1590.

Kahl, S., Wiese, S., Russwinkel, N. and Kopp, S. (2022), 
“Towards autonomous artificial agents with an active self: 
modeling sense of control in situated action”, Cognitive 
Systems Research, Vol. 72, pp. 50-62.

Kalckert, A. and Ehrsson, H.H. (2012), “Moving a rubber 
hand that feels like your own: a dissociation of ownership and 
agency”, Frontiers in Human Neuroscience, Vol. 6, p. 40.

Kaplan, A. and Haenlein, M. (2019), “Siri, sini, in my hand: 
who’s the fairest in the land? On the interpretations, 
illustrations, and implications of artificial intelligence”, 
Business Horizons, Vol. 62 No. 1, pp. 15-25.

Keegan, B.J., Iredale, S. and Naudé, P. (2023), “Examining 
the dark force consequences of AI as a new actor in B2B 
relationships”, Industrial Marketing Management, Vol. 115, 
pp. 228-239.

Kinney, M., Anastasiadou, M., Naranjo-Zolotov, M. and 
Santos, V. (2024), “Expectation management in AI: a 
framework for understanding stakeholder trust and 
acceptance of artificial intelligence systems”, Heliyon, Vol. 10 
No. 7.

Kot, M.T. and Leszczy�nski, G. (2020), “The concept of 
intelligent agent in business interactions: is virtual assistant 
an actor or a boundary object?”, Journal of Business & 
Industrial Marketing, Vol. 35 No. 7, pp. 1155-1164.

Kshetri, N., Dwivedi, Y.K., Davenport, T.H. and Panteli, N. 
(2024), “Generative artificial intelligence in marketing: 
applications, opportunities, challenges, and research 
agenda”, International Journal of Information Management, 
Vol. 75, p. 102716.

Kumar, S. and Bargavi, S. (2024), “Trust’s significance in 
Human-AI communication and Decision-Making”, 
Interantional Journal Of Scientific Research In Engineering And 
Management, Vol. 8 No. 2, pp. 1-10.

Kwak, Y., Ahn, J.-W. and Seo, Y.H. (2022), “Influence of ai 
ethics awareness, attitude, anxiety, and self-efficacy on 
nursing students’ behavioral intentions”, BMC Nursing, 
Vol. 21 No. 1, p. 267.

Lamberti, L. and Noci, G. (2010), “Marketing strategy and 
marketing performance measurement system: exploring the 
relationship”, European Management Journal, Vol. 28 No. 2, 
pp. 139-152.

Larsson, S. and Heintz, F. (2020), “Transparency in artificial 
intelligence”, Internet Policy Review, Vol. 9 No. 2, pp. 1-16.

Lee, C., Mehler, B., R.B. and Coughlin, J.F., (2015), “User 
perceptions toward in-vehicle technologies: relationships to 
age, health, preconceptions, and hands-on experience”, 
International Journal of Human–Computer Interaction, Vol. 31 
No. 10, pp. 667-681.

Lee, J.D. and See, K.A. (2004), “Trust in automation: 
designing for appropriate reliance”, Human Factors: The 
Journal of the Human Factors and Ergonomics Society, Vol. 46 
No. 1, pp. 50-80.

Lee, V.V., van der Lubbe, S.C., Goh, L.H. and Valderas, J.M. 
(2024), “Harnessing ChatGPT for thematic analysis: are we 
ready?”, Journal of Medical Internet Research, Vol. 26, 
p. e54974.

Managerial attitudes toward AI   

Christine Falkenreck, Grzegorz Leszczy�nski and Piotr Gaczek 

Journal of Business & Industrial Marketing  

Volume 41 · Number 13 · 2026 · 267–281  

279 

Downloaded from http://ftp.nowpublishers.com/jbim/article-pdf/41/13/267/11740684/jbim-07-2025-0698en.pdf by guest on 10 July 2026

http://www.researchgate.net/publication/390172601_AI_and_Credit_Scoring_Assessing_the_Fairness_and_Transparency_of_Machine_Learning_Models_in_Lending_Decisions
http://www.researchgate.net/publication/390172601_AI_and_Credit_Scoring_Assessing_the_Fairness_and_Transparency_of_Machine_Learning_Models_in_Lending_Decisions
http://www.researchgate.net/publication/390172601_AI_and_Credit_Scoring_Assessing_the_Fairness_and_Transparency_of_Machine_Learning_Models_in_Lending_Decisions


Legaspi, R., et al. (2024), “The sense of agency in human–AI 
interactions”, Knowledge-Based Systems, Vol. 286, p. 111298.

Legg, S. and Hutter, M. (2007), “Universal intelligence: a 
definition of machine intelligence”, Minds and Machines, 
Vol. 17 No. 4, pp. 391-444.

Leone, D., Schiavone, F., Appio, F.P. and Chiao, B. (2021), 
“How does artificial intelligence enable and enhance value 
co-creation in industrial markets? An exploratory case study 
in the healthcare ecosystem”, Journal of Business Research, 
Vol. 129, pp. 849-859.

Leszczy�nski, G., Zieli�nski, M., Gaczek, P. and Koci�nski, J. 
(2025), “Integration of knowledge and technology in the co- 
production of AI-based solutions for the healthcare sector”, 
Central European Management Journal, Vol. 33 No. 3.

Li, M. and Bitterly, T.B. (2024), “How perceived lack of 
benevolence harms trust of artificial intelligence 
management”, Journal of Applied Psychology, Vol. 109 
No. 11.

Li, Z. (2025), “Data risk and data compliance governance for 
generative artificial intelligence”, Academic Journal of 
Computing & Information Science, Vol. 8 No. 3, pp. 79-86.

Lichtenthaler, U. (2020), “Extremes of acceptance: employee 
attitudes toward artificial intelligence”, Journal of Business 
Strategy, Vol. 41 No. 5, pp. 39-45.

Lilien, G.L. (2016), “The B2B knowledge gap”, International 
Journal of Research in Marketing, Vol. 33 No. 3, pp. 534-556.

Lipton, Z.C. (2018), “The mythos of model interpretability: in 
machine learning, the concept of interpretability is both 
important and slippery”, Queue, Vol. 16 No. 3, pp. 31-57.

McKee, M. and Wouters, O.J. (2022), “The challenges of 
regulating artificial intelligence in healthcare: comment on 
‘clinical decision support and new regulatory frameworks for 
medical devices: are we ready for it? – A viewpoint paper”, 
International Journal of Health Policy and Management, 
Vol. 12, p. 7261.

Miao, C.F. and Evans, K.R. (2012), “Effects of formal sales 
control systems: a combinatory perspective”, International 
Journal of Research in Marketing, Vol. 29 No. 2, pp. 181-191.

Mikalef, P., et al. (2023), “Artificial intelligence (AI) 
competencies for organizational performance: a B2B 
marketing capabilities perspective”, Journal of Business 
Research, Vol. 164, p. 113998.

Mitchell, S., et al. (2021), “Algorithmic fairness: choices, 
assumptions, and definitions”, Annual Review of Statistics and 
Its Application, Vol. 8 No. 1, pp. 141-163.

Mourali, M., Nenkov, G.Y., Pogacar, R. and Brigden, N. 
(2025), “Post hoc explanations improve consumer responses 
to algorithmic decisions”, Journal of Business Research, 
Vol. 186, p. 114981.

Palan, S. and Schitter, C. (2018), “Prolific.ac—A subject Pool 
for online experiments”, Journal of Behavioral and 
Experimental Finance, Vol. 17, pp. 23-27.

Palmatier, R.W., Dant, R.P., Grewal, D. and Evans, K.R. 
(2006), “Factors influencing the effectiveness of relationship 
marketing: a meta-analysis”, Journal of Marketing, Vol. 70 
No. 4, pp. 136-153.

Papagiannidis, E., Mikalef, P., Conboy, K. and Van de 
Wetering, R. (2023), “Uncovering the dark side of AI-based 
decision-making: a case study in a B2B context”, Industrial 
Marketing Management, Vol. 115, pp. 253-265.

Paschen, J., Kietzmann, J. and Kietzmann, T.C. (2019), 
“Artificial intelligence (AI) and its implications for market 
knowledge in B2B marketing”, Journal of Business & 
Industrial Marketing, Vol. 34 No. 7, pp. 1410-1419.

Paschen, J., Wilson, M. and Ferreira, J.J. (2020), 
“Collaborative intelligence: how human and artificial 
intelligence create value along the B2B sales funnel”, Business 
Horizons, Vol. 63 No. 3, pp. 403-414.

Pedersen, C.L. and Ritter, T. (2024), “Digital authenticity: 
towards a research agenda for the AI-driven fifth phase of 
digitalization in business-to-business marketing”, Industrial 
Marketing Management, Vol. 123, pp. 162-172.

Peer, E., et al. (2022), “Data quality of platforms and panels for 
online behavioral research”, Behavior Research Methods, 
Vol. 54 No. 4, pp. 1643-1662.

Pessach, D. and Shmueli, E. (2022), “A review on fairness in 
machine learning”, ACM Computing Surveys, Vol. 55 No. 3, 
pp. 1-44.

Petrescu, M., Gironda, J.T., Kachen, S. and Korgaonkar, P.K. 
(2022), “AI-based innovation in B2B marketing: an 
interdisciplinary framework incorporating academic and 
practitioner perspectives”, Industrial Marketing Management, 
Vol. 103, pp. 61-72.

Ransbotham, S., Kiron, D., Gerbert, P. and Reeves, M. 
(2017), “Reshaping business with artificial intelligence: 
closing the gap between ambition and action”, MIT Sloan 
Management Review, Vol. 59 No. 1.

Ringle, C.M., Wende, S. and Will, S. (2005), “SmartPLS 2.0 
(beta)”, available at: www.smartpls.de

Rodriguez, M. and Peterson, R. (2024), “Artificial intelligence 
in business-to-business (B2B) sales process: a conceptual 
framework”, Journal of Marketing Analytics, Vol. 12 No. 4.

Sailendra, S., Murwaningsari, E., Mayangsari, S. and 
Murtanto, M. (2020), “The moderating effect of 
benevolence on the influence of corporate governance on 
audit quality”, International Journal of Applied Business and 
International Management, Vol. 5 No. 1, pp. 1-11.

Saura, J.R., Palos-Sanchez, P. and Blanco-González, A. 
(2020), “The importance of information service offerings of 
collaborative CRMs on decision-making in B2B marketing”, 
Journal of Business & Industrial Marketing, Vol. 35 No. 3, 
pp. 470-482.

Shin, D. and Park, Y.J. (2019), “Role of fairness, 
accountability, and transparency in algorithmic affordance”, 
Computers in Human Behavior, Vol. 98, pp. 277-284.

Shin, D., Zhong, B. and Biocca, F.A. (2020), “Beyond user 
experience: what constitutes algorithmic experiences?”, 
International Journal of Information Management, Vol. 52, 
p. 102061.

Simon, H.A. (1957), “The compensation of executives”, 
Sociometry, Vol. 20 No. 1, pp. 32-35.

Sindermann, C., et al. (2022), “Acceptance and fear of artificial 
intelligence: associations with personality in a german and a 
chinese sample”, Discover Psychology, Vol. 2 No. 1, p. 8.

Stein, J.-P., et al. (2024), “Attitudes towards AI: measurement 
and associations with personality”, Scientific Reports, Vol. 14 
No. 1, p. 2909.

Subas�ı, M.E., Patnaik, S. and Subasi, A. (2024), “Optical 
coherence tomography image classification for retinal disease 
detection using artificial intelligence”, in Applications of 

Managerial attitudes toward AI   

Christine Falkenreck, Grzegorz Leszczy�nski and Piotr Gaczek 

Journal of Business & Industrial Marketing  

Volume 41 · Number 13 · 2026 · 267–281  

280 

Downloaded from http://ftp.nowpublishers.com/jbim/article-pdf/41/13/267/11740684/jbim-07-2025-0698en.pdf by guest on 10 July 2026

http://www.smartpls.de


Artificial Intelligence in Healthcare and Biomedicine, Academic 
Press, pp. 289-323.

Terho, H., Haas, A., Eggert, A. and Ulaga, W. (2012), “It’s 
almost like taking the sales out of selling–towards a 
conceptualization of value-based selling in business 
markets”, Industrial Marketing Management, Vol. 41 No. 1, 
pp. 174-185.

Van Eerde, W. and Thierry, H. (1996), “Vroom’s expectancy 
models and work-related criteria: a meta-analysis”, Journal of 
Applied Psychology, Vol. 81 No. 5, pp. 575-586.

Venkatesh, V., Morris, M.G., Davis, G.B. and Davis, F.D. 
(2003), “User acceptance of information technology: 
toward a unified view”, MIS Quarterly, Vol. 27 No. 3, 
pp. 425-478.

Von Eschenbacher, W. (2021), “Transparency and the black 
box problem: why we do not trust AI”, Philosophy & 
Technology, Vol. 34 No. 4, pp. 1607-1622.

Vroom, V.H. (1964), Work and Motivation, Wiley, New York, 
NY.

Wang, W. and Benbasat, I. (2007), “Recommendation agents 
for electronic commerce: effects of explanation facilities on 
trusting beliefs”, Journal of Management Information Systems, 
Vol. 23 No. 4, pp. 217-246.

Wanner, J., Herm, L.-V., Heinrich, K. and Janiesch, C. (2023), 
“The effect of transparency and trust on intelligent system 

acceptance: evidence from a user-based study”, Electronic 
Markets, Vol. 32 No. 4, p. 2079.

Wellman, N., et al. (2023), “Publishing multimethod research 
in academy of management journal: a review and best- 
practice recommendations”, Academy of Management 
Journal, Vol. 66 No. 4, pp. 1007-1015.

You, S. and Robert, L.P. Jr. (2018), “Human–robot similarity 
and willingness to work with a robotic co-worker”, in 
Proceedings of the ACM/IEEE International Conference on 
Human-Robot Interaction, pp. 251-260.

Zerilli, J., Knott, A., Maclaurin, J. and Gavaghan, C. (2019), 
“Transparency in algorithmic and human decision-making: 
is there a double standard?”, Philosophy & Technology, 
Vol. 32 No. 4, pp. 661-683.

Zhang, D., Liu, X., Wang, Y. and Li, X. (2025), “Enhancing 
customers’ attitudes toward AI: the role of brand attributes 
with boundary meaning”.

Supplementary material

The supplementary material for this article can be found 
online.

Corresponding author
Christine Falkenreck can be contacted at: christine. 
falkenreck@hof-university.de

For instructions on how to order reprints of this article, please visit our website:
www.emeraldgrouppublishing.com/licensing/reprints.htm
Or contact us for further details: permissions@emeraldinsight.com

Managerial attitudes toward AI   

Christine Falkenreck, Grzegorz Leszczy�nski and Piotr Gaczek 

Journal of Business & Industrial Marketing  

Volume 41 · Number 13 · 2026 · 267–281  

281 

Downloaded from http://ftp.nowpublishers.com/jbim/article-pdf/41/13/267/11740684/jbim-07-2025-0698en.pdf by guest on 10 July 2026

mailto:christine.falkenreck@hof-university.de
mailto:christine.falkenreck@hof-university.de
http://www.emeraldgrouppublishing.com/licensing/reprints.htm
http://www.permissions@emeraldinsight.com

	Managerial attitudes toward AI: evaluating transparency, sense of control and fairness perceptions
	Introduction
	Contextual background
	Intelligence in the context of AI
	Managerial attitudes toward AI

	Development of hypotheses and measurement model
	Research problem
	Development of hypotheses

	Quantitative research design overview
	Study 1: factors influencing AI performance in B2B settings
	Sampling and measurements
	Results
	Discussion: influencing factors

	Study 2. Transparency of AI in B2B marketing contexts
	Motivation for Study 2
	Sampling and method
	Use of AI by B2B marketing managers
	Attitudes toward AI
	Transparency of AI
	Discussion

	Conclusions
	Final conclusions
	Theoretical contribution
	Managerial implications
	For further studies

	References




