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An exploratory study of factors influencing the use of Generative AI for 
decision‑making: a missing link
Ciara Heavin a, Gloria Phillips-Wren b and Theresa Jefferson b

aDepartment of Business Information Systems, Cork University Business School, University College Cork, Cork, Ireland; bSellinger 
School of Business and Management, Loyola University Maryland, Baltimore, MD, USA

ABSTRACT
Generative AI (GenAI), particularly large language models (LLMs), is increasingly 
embedded in decision-making processes, making it essential to understand the drivers 
of its actual use. Despite their accessibility, LLMs are prone to hallucinations and bias, 
which contribute to user skepticism. This study examines the factors shaping percep
tions of LLMs in personal and professional decision-making contexts, focusing on 
perceived usefulness, user trust, and personal values. An anonymous survey of 215 
professionals was analysed using descriptive statistics, hierarchical cluster analysis, and 
regression analysis. Findings reveal that, contrary to expectations, trust and perceived 
usefulness alone do not sufficiently explain LLM adoption. Instead, personal values 
emerge as a significant yet underexplored determinant influencing usage decisions. 
These results extend current GenAI adoption research by incorporating the role of 
individual values. The study highlights the importance of context-sensitive, stake
holder-aware strategies and underscores the need for further research on value align
ment across diverse cultural and regulatory environments.
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1. Background

Professionals face growing tension between the transformative potential of large language models (LLMs) 
and concerns about their opaque ‘black box’ nature, which undermines trust and adoption (Hassija et al.,  
2024; Shin, 2021). As LLMs become embedded in high‑stakes decision-making across sectors such as finance, 
healthcare, law and education (Dwivedi et al., 2023), adoption has accelerated rapidly, rising from 33% to 
65% within a year of ChatGPT’s 2022 launch Tavakoli et al. (2024). Yet uncertainties about accuracy, bias and 
ethical alignment persist (Rana et al., 2024). Traditional decision support systems are ill-suited for today’s 
complex, data-rich environments (Jarrahi, 2018; Shim et al., 2002), and while LLMs offer context-aware 
insights from vast datasets (Sedkaoui & Benaichouba, 2024), organisations are still determining effective 
implementation strategies (Dencik et al., 2023). As LLMs move into professional workflows, transparency, 
trust and accountability become essential (Do Khac et al., 2025; Rana et al., 2024), highlighting the need to 
understand other factors that shape professionals’ willingness to rely on LLMs for decision support. While 
trust in AI has been explored in recent IS literature, less is known about other factors that shape how 
professionals use LLMs for decision support. Thus, we pose the question:

Research Question: What factors influence a user’s actual use of Generative AI for decision-making tasks?

2. Artificial intelligence and trust

Trust is defined as ‘willingness to be vulnerable to another party based on expectations of their actions, 
irrespective of monitoring ability’ (Mayer et al., 1995, p. 712). Mayer et al.’s (1995) seminal framework 
identifies three trust dimensions: ability (competence to perform), benevolence (motivation to act in the 
trustor’s interest) and integrity (adherence to acceptable principles). In technology contexts, trust encom
passes beliefs about system reliability, accuracy and ethical integrity (Gefen et al., 2003; McKnight et al., 2011; 

CONTACT Ciara Heavin c.heavin@ucc.ie Department of Business Information Systems, Cork University Business School, University College 
Cork, Cork, Ireland

JOURNAL OF DECISION SYSTEMS                      
2026, VOL. 35, NO. 1, 2688525 
https://doi.org/10.1080/12460125.2026.2688525

© 2026 The Author(s). Published by Informa UK Limited, trading as Taylor & Francis Group.  
This is an Open Access article distributed under the terms of the Creative Commons Attribution License (http://creativecommons.org/licenses/by/4.0/), which permits 
unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited. The terms on which this article has been published allow 
the posting of the Accepted Manuscript in a repository by the author(s) or with their consent.

http://orcid.org/0000-0001-8237-3350
http://orcid.org/0000-0002-0461-5577
http://orcid.org/0009-0001-4950-5216
http://www.tandfonline.com
https://crossmark.crossref.org/dialog/?doi=10.1080/12460125.2026.2688525&domain=pdf&date_stamp=2026-06-30


Zhang et al., 2026). Trust directly predicts technology adoption and sustained use, particularly in high-stakes 
domains where errors carry significant consequences (McKnight et al., 2011). In healthcare and finance, 
where LLMs increasingly support clinical diagnoses and financial advice, trust becomes non-negotiable 
(Jarrahi, 2018).

However, AI trust is uniquely complex, involving technical, ethical and social dimensions (Habbal et al.,  
2024). The EU AI Act emphasises trustworthiness as foundational to AI development (European Commission,  
2024). Critically, ‘incorrect levels of trust may cause misuse, abuse or disuse of technology’ (Jacovi et al., 2021, 
p. 624). Overtrust leads to uncritical acceptance of flawed outputs, while undertrust prevents beneficial 
adoption. Users often anthropomorphise AI systems, projecting human-like qualities and shifting from 
reliance to trust relationships (Jacovi et al., 2021). Anthropomorphism complicates trust calibration, as 
users may attribute understanding or intentionality to stochastic systems operating on probabilistic patterns. 
Such misattributions can further obscure the distinction between genuine model competence and erro
neous outputs, creating fertile ground for misleading responses.

LLM hallucinations arise when models generate false or fabricated information with unwarranted con
fidence (Zhang et al., 2023). These hallucinations occur when outputs diverge from factual or expected 
content leading to inaccurate statements, invented references or flawed reasoning (Phillips-Wren & Virvou,  
2025). They are not evidence of internal cognition, but rather statistical artefacts produced through 
probabilistic token prediction (Zhang et al., 2023). As a result, users must critically evaluate LLM‑generated 
outputs (Phillips-Wren & Virvou, 2025).

LLMs also embed values and biases that may differ from human or culturally diverse value systems (Hadar- 
Shoval et al., 2024). For example, ChatGPT tends to reflect Western, Anglo‑American perspectives (Cao et al.,  
2023; Tuna et al., 2024), a limitation acknowledged by OpenAI. Such cultural biases raise concerns about 
fairness across global user groups, and models trained on large-scale human-generated datasets may 
reproduce existing societal biases, potentially generating discriminatory content. A further challenge 
emerges as LLM-generated material increasingly becomes part of the training ecosystem. This introduces 
a feedback loop in which models learn from their own outputs, risking performance degradation and 
a reduction in the diversity of human knowledge captured in training dataset (Choudhury & Chaudhry,  
2024). These issues can contribute to unreliable or unsound model decisions and may erode trust in artificial 
reasoning systems (Jacovi et al., 2021).

2.1. Personal values and technology adoption

Studies acknowledge that personal values influence human behaviour (Lee & Lyu, 2016). Values are ‘endur
ing beliefs or motivational goals relating to desired modes of conduct or end-states of existence’ and ‘direct 
people to behave in a way that fulfills their values, and drive them to change their behavior in order to 
diminish the inconsistency between their value priorities and behavior’ (Lee & Lyu, 2016, p. 324).

Personal values influence technology adoption. For example, the adoption of e-government services was 
shown to be mediated by two personal values related to its advantages, citizens’ time consciousness and 
environmental concern. In this case, personal values yielded a positive effect on adoption (Belanche et al.,  
2012). As a counterpoint, the adoption of self-service technologies was impacted negatively by personal 
values due to the need for human interaction and influenced by self-efficacy with SSTs. In this paper, we 
investigate the role of personal values in the adoption of LLMs for decision making.

2.2. From traditional DSS to AI-Augmented decision‑making

DSS have evolved from early interactive tools for semi-structured problems (Power, 2002) to sophisticated AI- 
driven systems. The IFIP Working Group 8.3 (1981) defined DSS as ‘approaches for applying information- 
systems technology to increase the effectiveness of decision-makers’. Early DSS drew on Simon’s three-stage 
model (intelligence, design, choice); subsequent work shifted towards data-driven paradigms powered by 
analytics, machine learning and AI (Davenport & Harris, 2017; Pomerol, 1997). LLMs represent a paradigm 
shift, offering context-aware insights that exceed traditional analytics (Brynjolfsson et al., 2018; Javaid, 2024) 
and yet are easy to use. Their promise lies not in replacing human judgement but in creating human-AI 

2 C. HEAVIN ET AL.



symbiosis (Jarrahi, 2018). Machines excel at large-scale data processing and pattern recognition, while 
humans contribute contextual understanding, ethical nuance and strategic vision.

Drawing on established IS theories, three factors shape intentions to use LLMs:

● Perceived Usefulness – The belief that LLMs improve decision quality or efficiency (Davis, 1989; 
Venkatesh & Davis, 2000). When users see clear benefits such as greater accuracy or faster analysis, 
adoption likelihood increases (Dwivedi et al., 2023; Gill et al., 2022).

● Trust and Reliability – Confidence in the model’s accuracy, transparency and lack of bias (Glikson & 
Woolley, 2020; McKnight et al., 2011). Given risks of hallucinations, users rely on trustworthy perfor
mance, explainability and ethical output.

● Value Compatibility – Alignment with users’ ethical principles, professional norms and organisational 
standards (Belanche et al., 2012; Turja et al., 2020). Adoption is more likely when LLMs fit moral 
frameworks, especially in domains with high ethical stakes (Oniani et al., 2023; Schwartz, 2012).

While existing research establishes trust as critical for technology adoption (Do Khac et al., 2025; McKnight 
et al., 2011) and documents LLM risks such as hallucinations and bias (Håkansson & Phillips-Wren, 2024), we 
did not find a study that integrates these streams to examine how the three factors, shaped by awareness of 
LLM limitations, influence professionals’ adoption for decision-making tasks. This integrated perspective 
advances IS scholarship by bridging trust theory, values alignment, technology acceptance and emerging AI 
research to inform both theory and practice in AI-augmented decision-making.

3. Methodology

The aim of this research is to explore how GenAI and LLMs are used among professionals for decision-making 
purposes. To answer this research question and to ensure reliability and validity, an anonymous survey was 
designed using questions adapted from existing research (Choudhury & Shamszare, 2023; Turja et al., 2020). 
Survey questions were designed to assess how frequently professionals use GenAI technologies and to 
gauge their attitudes towards them, including trust, perceived usefulness and concerns such as alignment 
with personal values. We used a cross-sectional approach and multiple measurement items to operationalise 
the focal constructs (Hulland et al., 2018).

This anonymous survey enabled us to access a diverse audience, gathering a broad set of data pertaining 
to GenAI use. Professionals, part-time graduate students, undergraduate business and data science students 
were offered the opportunity to participate in this survey which was made available by the research team in 
Qualtrics over a ten-month period between October 2023 and July 2024. Following data cleaning, a total of 
225 responses were obtained with 215 responses deemed complete and useful for data analysis purposes. 
Participant responses to survey items were captured using a scale of 1–5, with 1 corresponding to strongly 
disagree and 5 corresponding to strongly agree. The sample consisted mainly of younger respondents (60% 
aged 18–24) and was predominantly male (59%), with most participants using ChatGPT (74%) at least 
occasionally. LLM engagement was generally low‑intensity, with 59% using them only 1–2 times per week, 
and participants represented a wide range of industries, especially finance/accounting (31%) and IT/opera
tions (29%). Most used LLMs for personal purposes (65%), followed by school-related (40%) and work-related 
tasks (44%), with many selecting multiple use cases.

4. Results

Two primary analyses were undertaken with the survey data. SAS Enterprise Miner was used to conduct both 
analyses. A review of the correlations between variables indicated that there were 2 instances where 
correlation was greater than 0.75. Following the removal of these 2 variables, all remaining inputs had 
correlations less than 0.75 and values less than 5, thereby satisfying the risk of multicollinearity (Montgomery 
et al., 2021). The first analysis aimed to understand the characteristics of the study population and to identify 
distinct dimensions measured by the survey. The second analysis explored relationships between the 
identified dimensions with a focus on the perspectives of the sample group towards using GenAI to support 
decision‑making tasks.
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4.1. Identification of distinct dimensions

Determining the appropriate input variables to include in a predictive model is often challenging due to 
redundancy that exists among the independent variables. Including redundant variables leads to models 
that overfit due to correlations between input variables. Therefore, to explore the underlying structure of 
questionnaire items and reduce dimensionality, we conducted a hierarchical cluster analysis using the 
Variable Clustering node in SAS Enterprise Miner (Aggarwal & Kosian, 2011). The Variable Clustering node 
within SAS Enterprise Miner provides an alternative to principal component analysis (PCA) by grouping 
variables instead of transforming them into unobservable components (Nelson, 2001). This technique has 
been successfully demonstrated by Lee et al. (2008), Woolston et al. (2012), Sanche and Lonergan (2006) and 
Khattab et al. (2020). Variable Clustering decreases variable redundancy, removes collinearity and assists in 
revealing the underlying structure of the input variables. This method iteratively partitions the variables into 
mutually exclusive clusters, ensuring that each cluster is highly correlated internally while maintaining low 
correlations with variables from other clusters. For each cluster, a cluster component is created. The cluster 
component is a linear combination of the variables assigned to the cluster. The cluster components are used 
as substitutes for the original input variables, thereby reducing the number of variables in a predictive model 
with ‘little loss of information’ (SAS, 2022).

The analysis was performed on a set of 9 items designed to measure survey respondents’ perceptions 
concerning the use of LLMs. (The survey also contained one item used to capture the respondents’ 
perceptions concerning the use of LLMs for decision making, which will be discussed in more detail in the 
next section). The clustering criterion was based on the 1-R2 ratio, set at a maximum threshold of 0.75, which 
allows each cluster to retain variables that explain at least 25% of shared variance.

The analysis resulted in the identification of three distinct dimensions, based on 9 survey questions, that 
identify the underlying dimensions of perceptions concerning the use of LLMs. Each of the clusters contained 
items with high internal cohesion, as indicated by low 1-R2 values. Table 1 summarises the characteristics of 
each cluster, including the mean 1-R2.

The internal consistency of each cluster was assessed using Cronbach’s alpha. The α values ranged from 
0.84 to 0.88, suggesting that the items within each cluster are measuring cohesive constructs (Hulland et al.,  
2018). The inter-cluster correlations ranged from 0.56 to 0.71, indicating that each of the three dimensions is 
relatively distinct.

Each cluster was labelled based on the themes represented by the items within each cluster.

(1) Trust: Cluster 1 grouped items associated with feelings of trust associated with the use of LLMs, 
including integrity, trustworthiness, reliability and security.

(2) Values: Cluster 2 grouped items related to a user’s personal values and the use of LLMs, including runs 
counter to values, does not fit with worldview and is not appropriate considering values.

(3) Usefulness: Cluster 3 grouped items related to the usefulness of LLMs, including usefulness in job and 
work-related tasks.

The three distinct dimensions represented by the above clusters suggest that these are key areas for 
understanding individuals’ perceptions concerning the use of LLMs.

4.2. Relationships among constructs related to decision‑making

Linear regression analysis was conducted to determine the relationship between the dimensions of Trust, 
Values and Usefulness and the use of LLMs to support decision-making . The survey question, ‘I think it is 

Table 1. Cluster characteristics.

Cluster
Number of 

items
Mean 
1-R2

Proportion Variance 
Explained Example items

Interpretative 
Level

1 3 0.14 0.72 ChatGPT (or similar LLM) is trustworthy in the sense that it is 
dependable and credible.

Trust

2 3 0.26 0.59 Using ChatGPT (or similar LLM) runs counter to my own values. Values
3 3 0.17 0.85 I think ChatGPT (or similar LLM) is useful to help me do my job. Usefulness
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a good idea to use ChatGPT (or similar LLM) to support the decisions I make’ was used for the dependent 
variable. The composite constructs, discussed in Section 4.1, of Trust, Values and Usefulness, were used as the 
predictor variables.

A multiple linear regression model was specified as follows: 

where:
• Y = Decision Making
• X1 = Values composite variable
• X2 = Trust composite variable
• X3 = Usefulness composite variable
• β0, β1, β2, β3 = Regression coefficients
• ϵ = Error term
Table 2 presents the coefficients from the regression analysis.
Based on the p-value of the F-test (<0.0001), the null hypothesis was rejected, indicating that collectively 

the independent variables contribute significantly to the model. The R2 value of 0.47 suggests the model 
explains 48% of the variance concerning using LLMs to support decision making. All variables made 
significant independent contributions to the model.

As can be seen in Table 3, Trust is selected as the first variable and improves the model (over the intercept 
only model) by 37%. The next variable to enter the model is Usefulness, this improves the existing model by 
7.5%. The last variable to enter the model is Values, which improves the existing model by 1.7%.

5. Discussion

5.1. Interpretation of results

The cluster analyses suggest that Trust, Values and Usefulness are distinct dimensions. The 1-R2 values for all 
three clusters are within the acceptable range for meaningful clustering. The high proportion of variance 
explained by the first eigenvalue (>0.59) indicates that the items within each cluster are well aligned with the 
underlying factor represented by the cluster.

The low 1-R2 values for Cluster 1 (Trust), Clusters 2 (Values) and Cluster 3 (Usefulness) are indicative of the 
strong relationships among the items within each cluster. Cluster 2 (Values) is focused on ‘counter to values’ 
with questions including runs counter to values, does not fit with worldview and is not appropriate 
considering values. Although we were surprised at the magnitude of Values in the prediction model, we 
note that AI has been characterised by some authors as a threat to society, taking people’s jobs, and 
a concern for security and privacy (Khan et al., 2023). Cluster 3 (Usefulness) is focused on questions related 

Table 2. Regression coefficients.
Variable Coefficient (β) p-value

Values −0.1897 0.0404
Trust 0.4251 <.0001
Usefulness 0.2357 0.0053
Intercept (β0) −0.0388 0.0053

**According to the model, decision-making is negatively 
related to Values (p < 0.04) and positively related to Trust 
(p < 0.01) and Usefulness (p < 0.01). It is noted that the 
variable Values is coded in the survey as ‘counter to my 
values’, and the coding explains the negative relationship 
in the model.

Table 3. Adjusted R-square values and model improvement.

Model Predictors included R2
Adjusted  

R2
Model  

Improvement

Model 1 X1 (Trust) 0.371 0.3654 Model improves by 37% (over intercept alone) when Trust is added.
Model 2 X1, X2 (Usefulness) 0.451 0.4406 Model improves by 7.5% when Useful is added to the model.
Model 3 X1, X2, X3 (Values) 0.473 0.4576 Model improves by 1.7% when Values is added to the model.

JOURNAL OF DECISION SYSTEMS 5



to usefulness in job and work-related tasks, and it is clear from the results that users recognise the 
technology as useful.

The higher 1-R2 values for Cluster 2 (Values) suggest that there is more variability within the cluster items. 
The corresponding survey questions are broader in scope reflecting the characteristics of the dimensions. 
Cluster 1 (Trust) included survey questions such as integrity, trustworthiness, reliability, and security. In 
particular, the lack of security of AI systems is often highlighted as a threat (Habbal et al., 2024), so users may 
give qualified answers to trust GenAI.

Exploring the relationship between the three dimensions yielded a linear regression model showing that 
the three dimensions of Trust, Values and Usefulness are statistically significant predictors of the use of GenAI 
for decision-making . The results show that Trust and Usefulness have a positive effect on decision-making, 
while Values has a negative effect due to its representation as ‘counter to values’. While usefulness has long 
been recognised as essential to an individual’s use of decision support technologies (Shim et al., 2002), and 
trust is a current research topic in GenAI especially regarding hallucinations (e.g. Christensen et al., 2024), it is 
surprising to see that personal values had a strong effect in the model. We have called Values (i.e. counter to 
personal values) as a missing link in understanding the intention to use GenAI and LLMs for decision-making 
tasks. Although these technologies offer potential benefits to decision-making such as data manipulation, 
analysis, interpretation and alternatives, an identifiable group feels that the use of GenAI is counter to their 
personal values.

6. Conclusion

Despite the widespread adoption and significance of GenAI and specific LLMs, our understanding of factors 
that shape professionals’ use of these advanced technologies for decision support remains limited. Several 
limitations of the study are acknowledged. The sample size is modest, drawn culturally from the US and 
Ireland, and focused on professional and emerging professional groups that are expected to be familiar with 
technology systems including GenAI. However, we posit that it is representative of business groups who use 
technology and are likely to extend that use to GenAI technologies for multiple purposes including decision 
making. Another limitation concerns the measurement of the primary dependent variable. This research 
relied on a single survey item to assess decision-making: ‘I think it is a good idea to use ChatGPT (or similar 
LLM) to support the decisions I make’. This approach may be considered ‘vague’ as it does not distinguish 
between different types of professional decisions, such as strategic, operational or ethical. In addition, the 
dependent variable does not address contextual complexity, a characteristic of modern decision 
environments.

The study is exploratory and leads to future research questions. Future iterations of the survey should 
employ a multi-item scale that specifies the nature and stakes of the decision-making task. Additionally, as 
the adoption of GenAI continues to increase, longitudinal research is needed to determine if user ‘trust’ and 
‘value alignment’ change over time as users become more comfortable with these systems. As a new 
technology, GenAI offers opportunities for decision support and potential pitfalls such as the inclusion of 
bias and underrepresentation of alternate viewpoints that the research community should examine.

Consistent with existing empirical accounts for adoption of AI and other emerging technologies, trust in 
AI is one key factor influencing professionals’ adoption use (Choudhury & Shamszare, 2023; Do Khac et al.,  
2025; Kaur et al., 2022; Petzel & Sowerby, 2025). However, while GenAI can enhance efficiency and provide 
data-driven insights, its opaque logic and potential for bias can erode managerial confidence and trust 
(Phillips-Wren & Virvou, 2025). Professionals and organisations must navigate the tension between lever
aging GenAI’s capabilities and maintaining human oversight to ensure accountable and value-aligned 
decisions.

A unique aspect of this study is the identification of personal values as a crucial factor in under
standing the use of AI and GenAI for decision support. Sedkaoui and Benaichouba (2024) advocate for 
new studies on GenAI and LLMs, highlighting the need to investigate ‘the long-term societal and 
economic implications of GenAI, as well as its impact on human values and cultural expression, which 
will be crucial for guiding responsible innovation’. While much of the existing literature focuses on the 
technical and cognitive dimensions of GenAI adoption (Berente et al., 2021; Choudhury & Shamszare,  
2023), this research suggests that a values-driven approach could yield deeper insights into user 
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behaviour and technology acceptance, particularly beyond existing Western values and cultural frame
works. These perspectives have largely overlooked how deeply personal and collective values shape 
individuals’ willingness to engage with emerging tools such as GenAI. By explicitly recognising the 
interplay between users’ ethical priorities and cultural norms, researchers can uncover richer patterns 
of technology appropriation and resistance. Future studies could build on this finding by exploring 
a ‘values by design’ approach, incorporating personal and organisational values directly into the 
design and implementation of AI to foster social inclusion, trust, and just, broad, equitable innovation.

The interplay between personal values and the use of GenAI for decision making also points to a broader 
gap in AI design. Current AIs lack the ability to account for the diverse personal values of their users, which 
may hinder their effectiveness and trustworthiness in professional decision-making contexts. Addressing this 
issue requires thoughtful integration of values into the design process, ensuring that AI is not only 
technically sound but also contextually relevant and ethically grounded. This research makes a significant 
theoretical contribution by highlighting the importance of personal values in GenAI adoption. Practically, it 
suggests that organisations should consider these factors when implementing GenAI, as aligning technology 
with user values may enhance the trust and effectiveness of decision support in the future.
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