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ARTICLE INFO ABSTRACT

Recent advances in chain-of-thought (CoT) reasoning in large language models are expected to improve the
transparency and coherence of Al-generated recommendations, yet evidence on how CoT affects users’ per-
ceptions and downstream behavior in real decision contexts remains limited. To address this gap, we develop and
evaluate a reasoning-enabled conversational agent in the domain of sustainable consumption, where uncertainty,
value-laden trade-offs, and multi-criteria decisions make reasoning transparency especially salient. We employ a
three-phase research design that combines model development with empirical evaluation. In Phase 1, we fine-
tune a conversational agent using a multi-agent framework to produce high-quality CoT data, leveraging
Group Relative Policy Optimization (GRPO) and Low-Rank Adaptation (LoRA). Phase 2 tests the agent in a
between-subjects experiment (N = 417) comparing a CoT-enabled chatbot with a standard chatbot. Grounded in
the Technology Acceptance Model, IS Success Model, Cognitive Load Theory, and Privacy-Calculus Theory, we
examine how user-friendliness, usefulness, personalization, trust, transparency, cognitive load, inefficiency, and
privacy concerns mediate CoT effects on perceived knowledge and behavioral intentions. Results show that CoT
significantly increases perceived knowledge and behavioral intentions. Specifically, PLS-SEM supports our
mediation model, demonstrating that CoT acts through promoters such as enhanced trust, perceived usefulness,
and personalization, which outweigh inhibitors like cognitive load and privacy concerns. Phase 3 complements
these findings through qualitative content analysis, indicating that CoT improves user experience by providing
clearer, more helpful reasoning, whereas standard chatbots are often perceived as verbose, vague, or technically
unreliable. Overall, the study provides empirical evidence on how reasoning-enabled conversational systems
shape user perceptions and behavioral outcomes, offering actionable guidance for designing decision-support
transparent Al in complex domains.
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1. Introduction However, despite rising awareness, a persistent gap remains between

consumer attitudes and actual behavior (Carrington et al., 2010;

Sustainable consumption has become an urgent global priority as
climate change, resource depletion, and waste generation increasingly
threaten ecological and social systems worldwide (IPCC, 2023). In
response, the United Nations’ Sustainable Development Goal (SDG) 12
calls for responsible consumption and production patterns, emphasizing
the need to decouple economic growth from environmental degradation
while ensuring long-term societal well-being (United Nations, 2015).

ElHaffar et al., 2020). From an information management perspective,
this gap is not merely motivational but fundamentally cognitive: sus-
tainable choices are reasoning-intensive and place substantial demands
on consumers’ information-processing capabilities (Ries & Rese, 2025).
Consumers must integrate environmental, social, and economic con-
siderations, often under conditions of limited knowledge, uncertainty,
and competing goals (Trudel, 2019; White et al., 2019).

Abbreviations: SDG, Sustainable Development Goal; LLMs, Large Language Models; CoT, Chain-of-Thought; XAI, Explainable Artificial Al; TAM, Technology
Acceptance Model; PLS-SEM, Partial Least Squares Structural Equation Modeling; GRPO, Group Relative Policy Optimization; LoRA, Low-Rank Adaptation; KL,
Kullback-Leibler; RLHF, Reinforcement Learning from Human Feedback; AVE, Average Variance Extracted; HTMT, Heterotrait-Monotrait ratio of Correlations; VIFs,
Variance Inflation Factors; PLSc, Consistent PLS; GSPO, Group Relative Sequence Optimization.
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In the past, digital information systems developed to address these
cognitive barriers have evolved from static information provision, such
as simple eco-labels (Gorton et al., 2021) via feedback-based carbon
footprint calculator apps (Hoffmann et al., 2022a; Hoffmann et al.,
2024a; Lasarov et al., 2024) to early interactive tools like augmented
reality (Hoffmann et al., 2022b; Joerss et al., 2021) that enable more
user interaction. Recently, the field has progressed toward conversa-
tional recommender systems based on large language models (LLMs)
that allow human-like conversations and adapt interactively to user
preferences (Bi et al., 2024; Jannach et al., 2021). However, a critical
limitation remains: Although the system responds to the user and pro-
vides adapted recommendations, most existing systems operate as 'black
boxes.' They rely on simplified signals offering limited insight into why a
particular option is more sustainable. In high-stakes, value-laden do-
mains like sustainability, accuracy alone is insufficient (Rai, 2020;
Zhang & Chen, 2020). Looking toward the field's future development,
information systems must evolve from simple retrieval tools into
reasoning-oriented decision aids to fully bridge the gap between algo-
rithmic complexity and human understanding. To bridge the gap be-
tween algorithmic complexity and human understanding, information
systems must evolve from simple retrieval tools into reasoning-oriented
decision aids. Recent advances in Chain-of-Thought (CoT) reasoning
offer a novel mechanism to achieve this "glass box" transparency. By
explicitly generating intermediate reasoning steps, CoT-enabled LLMs
can articulate the causal and normative justifications underlying a
recommendation (Wei et al., 2022). This capability mimics a human
advisor, transforming the interaction from a static output into an
explainable process (Miller, 2019). Yet, despite the technical potential of
CoT, empirical evidence remains scarce regarding its actual impact on
user psychology. It remains unclear whether exposing the "reasoning" of
an Al agent effectively improves consumer knowledge or translates into
stronger sustainable behavioral intentions.

Rather than merely identifying an unexplored empirical gap
(Alvesson & Sandberg, 2011), this study problematizes the foundational
assumption prevailing in Explainable AI (XAI) and Information Systems
research: the premise that exposing the internal logic of an Al inherently
improves user understanding and technology acceptance. We argue that
in complex, value-laden domains like sustainable consumption,
achieving 'glass-box' transparency through CoT reasoning creates a
critical intellectual puzzle. Specifically, while explicit reasoning may
reduce uncertainty, it simultaneously risks triggering cognitive overload
or privacy concerns by revealing the depth of data processing involved.
Thus, we introduce a necessary narrative tension: does the cognitive
relief provided by transparent AI reasoning outweigh the cognitive
friction and privacy anxieties it may induce? By navigating this tension,
our study investigates how and through which competing psychological
mechanisms CoT-based transparency affects users' knowledge and
behavioral intentions.

To answer these questions, we adopt a three-phase research design
that integrates technical model development with empirical user
studies. Phase 1 involves the development of a specialized LLM fine-
tuned to generate high-quality CoT reasoning data for sustainable con-
sumption scenarios. Phase 2 implements a between-subjects experiment
(N = 417) comparing this reasoning-based chatbot against a standard,
non-reasoning chatbot. To comprehensively map the psychological
mechanisms through which CoT reasoning affects user outcomes, we
integrate multiple complementary theoretical perspectives that capture
the dual nature of Al transparency. Building on the technology adoption
literature, the Technology Acceptance Model (TAM, Davis, 1989) and
the IS Success Model (Del.one & McLean, 2003) provide foundational
frameworks for understanding how specific system character-
istics—such as explicit reasoning transparency and person-
alization—shape users' perceived usefulness and trust. Conversely, to
account for the potential negative psychological impacts of detailed
explanations, Cognitive Load Theory (Sweller, 1988) explains how
structured reasoning may either reduce or exacerbate information
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processing demands, while Privacy Calculus Theory (Culnan & Bies,
2003) addresses potential concerns arising from explicit data usage
disclosure. Together, these frameworks enable us to theoretically
ground and test the competing psychological mechanisms—promoters
and inhibitors—that may simultaneously operate when users interact
with reasoning-enabled Al This multi-theoretical approach is not a lack
of focus, but rather a necessary architecture for understanding the
complex, potentially contradictory psychological responses to Al trans-
parency. Partial Least Squares Structural Equation Modeling (PLS-SEM)
is used to test these mediating mechanisms. Phase 3 complements these
findings through qualitative content analysis of open-ended user feed-
back. The triangulation of the theory-driven quantitative analysis and
the exploratory qualitative investigation of specific drivers provides a
novel theoretical contribution to understanding how consumers process
conversations with explainable Al and offers a foundation for future
research and practical applications.

The novelty and originality of this research lie in bridging the gap
between technical Al engineering and behavioral information systems
research. While prior computer science studies have demonstrated the
computational accuracy of CoT algorithms (Alghamdi, 2025; Kojima
et al., 2022; Wei et al., 2022), this study originally shifts the analytical
lens to evaluate the human-centric psychological mechanisms—testing
how these 'glass-box' models influence user cognition, trust, and
behavior in high-stakes, value-laden contexts. By doing so, this study
makes several contributions to information management research. First,
it advances explainable Al research (Bauer et al., 2023; Shin, 2021) by
providing empirical evidence on whether and how exposing reasoning
processes affects user psychology beyond task performance metrics.
While technical Al research has established CoT's computational bene-
fits, we demonstrate its impact on knowledge acquisition, and behav-
ioral intentions—outcomes central to IS adoption but rarely examined in
Al engineering studies. Second, it extends the sustainable consumption
literature (Laukkanen et al., 2022; White et al., 2019) by evaluating how
"glass box" Al support affects perceived knowledge and behavioral
change in a domain where information deficits are a primary barrier.
Third, the study contributes methodologically by bridging advanced Al
engineering (Jiang et al., 2026) and user-centered information man-
agement research (Foroughi et al., 2025; Lasarov et al., 2026; Ma et al.,
2025), demonstrating how fine-tuned reasoning agents can be empiri-
cally evaluated not just for accuracy but for their psychological and
behavioral effects. Finally, by explicating the mediating mechanisms
through which reasoning transparency operates, the findings offer
actionable design guidance applicable beyond sustainability to any
domain requiring justification-based decision support—including
healthcare, financial planning, and policy decisions where users need to
understand not just what to do but why certain choices are
recommended.

2. Related works
2.1. Sustainable consumption

Sustainable consumption refers to patterns of consumption that
minimize negative environmental and social impacts while maintaining
individual well-being. It encompasses behaviors such as choosing envi-
ronmentally friendly products and reducing resource use across all
phases of consumption from acquisition via usage to disposal. White
et al. (2019, p. 3) define sustainable consumer behavior as “actions that
result in decreases in adverse environmental impacts as well as
decreased utilization of natural resources across the lifetime of the
product, behavior, or service”.

Despite widespread awareness of sustainability issues, research
consistently demonstrates a pronounced attitude-behavior gap: many
consumers who express positive attitudes toward sustainable con-
sumption fail to translate these intentions into actual behavior
(Carrington et al., 2010; Munro et al., 2023). This gap remains a central
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challenge in sustainable consumption research (White et al., 2019).
Consumers often endorse sustainability in principle but default to con-
venience, habit, or price considerations in concrete consumption situa-
tions. Beyond motivational barriers, this discrepancy is increasingly
attributed to cognitive limitations, information deficits, and the
complexity of sustainability-related decisions (Hoffmann et al., 2024a;
Trudel, 2019).

The SHIFT framework proposed by White et al. (2019) identifies five
psychological drivers that can promote sustainable consumer behavior:
social influence, habit formation, individual self, feelings and cognition,
and tangibility. Within this framework, information plays a particularly
important role in strengthening the cognition component by shaping
consumers’ understanding of consequences and trade-offs. According to
the SHIFT framework, consumers are more likely to translate positive
sustainability attitudes into action when they have access to clear,
comprehensible information that reduces uncertainty and when they
trust the source and credibility of that information (White et al., 2019).
Consumers need information about the desired and the undesired be-
haviors and which consequences they have. Consumers frequently lack
accurate, decision-relevant information about the environmental im-
pacts of their consumption, such as carbon emissions, energy use, or
resource intensity. Empirical evidence shows that individuals system-
atically underestimate the environmental impact of high-impact activ-
ities and products while overestimating the impact of low-impact
behaviors (Attari et al., 2010; van Bussel et al., 2022). They must have
easy access to information without the amount of information being too
complex, confusing and overwhelming (Hoffmann et al., 2022b).

Traditional approaches to informing consumers, such as eco-labels,
sustainability scores, or carbon footprint indicators, aim to reduce this
gap by simplifying complex information or by providing personalized
feedback (Gorton et al., 2021; Hoffmann et al., 2022a; Hoffmann et al.,
2024a). However, sustainable consumption decisions typically involve
multidimensional trade-offs across environmental, social, and economic
criteria, many of which are abstract, uncertain, or difficult to verify
(Trudel, 2019). These characteristics make sustainability information
cognitively demanding to process and often difficult to trust. As a result,
consumers may feel ill-equipped to evaluate the actual sustainability
implications of available options, leading them to rely on heuristics,
defaults, or convenience-oriented choices rather than deliberative
evaluation. The low-cost hypothesis further supports the need for such
systems by suggesting that individuals are more likely to engage in
pro-environmental behavior when the required effort is low (Diekmann
& Preisendorfer, 2003). Applied to sustainable consumption, this im-
plies that consumers need easy, low-effort access to reliable, interpret-
able sustainability information at the point of decision.

Against this background, we argue that digital information tools are
essential for addressing the persistent information gap in sustainable
consumption (Grinstein et al., 2018). Digital tools, such as particularly
conversational agents and chatbots, offer a promising avenue in this
respect. By providing personalized, interactive, and on-demand expla-
nations, conversational agents can reduce search effort, lower cognitive
barriers, and support reasoning about complex sustainability trade-offs.
In doing so, they have the potential to bridge the gap between sustain-
ability intentions and actual behavior by aligning consumers’ values
with informed, confident decision-making. However, consumers require
decision support systems that not only present sustainability informa-
tion but also explain causal relationships, justify recommendations, and
make the reasoning and trade-offs explicit.

2.2. Recommender systems and conversational agents

Digital decision support systems such as recommender systems,
conversational agents, and chatbots have become central components of
contemporary information environments. Recommender systems are
algorithmic tools designed to predict users’ preferences and suggest
relevant items, information, or actions, thereby reducing decision
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complexity (Ricci et al., 2022). Traditionally embedded in e-commerce,
media platforms, and online services, these systems rely on techniques
such as collaborative filtering, content-based filtering, and hybrid ap-
proaches to personalize recommendations at scale (Adomavicius &
Tuzhilin, 2005). More recently, conversational agents, often referred to
as chatbots when implemented in text-based interfaces, have emerged as
an interactive extension of recommender systems. Conversational
agents enable natural language interaction, allowing users to articulate
preferences, ask questions, and receive adaptive responses in real time.
By shifting from one-shot recommendation delivery to dialog-based
interaction, these systems enhance user engagement, lower interaction
barriers, and support iterative preference construction, positioning them
as powerful information management tools in complex decision contexts
(Jannach et al., 2021; Jannach, 2023).

Recent advances in generative artificial intelligence (GenAl),
particularly LLMs such as ChatGPT, have substantially expanded the
capabilities of conversational agents beyond predefined intents and
scripted dialog flows. Unlike earlier rule-based or retrieval-based chat-
bots, GenAl-powered agents can generate context-sensitive, coherent,
and linguistically rich responses, allowing for open-ended interaction,
dynamic personalization, and flexible information provision across do-
mains (Duan et al., 2019; Schneider, 2025). Studies show that con-
sumers believe Al recommendations in particular in utilitarian rather
than in hedonic consumption contexts (Longoni & Cian, 2022).

In the context of sustainable consumption, recommender systems
and conversational agents can serve as digital interventions to support
more environmentally and socially responsible consumer choices
(Joerss et al., 2021). Recommender systems can incorporate
sustainability-related attributes, such as eco-labels, carbon footprints, or
ethical certifications, into product rankings and suggestions, thereby
nudging consumers toward more sustainable alternatives without
eliminating choice freedom. Conversational agents further extend this
potential by providing personalized sustainability information on de-
mand, responding to user queries, and embedding sustainability con-
siderations into everyday decision processes (Bi et al., 2024; Pizzi et al.,
2021).

2.3. Reasoning-oriented language models and fine-tuning for decision
support

As digital decision environments become increasingly complex,
there is growing recognition that effective decision support systems
must go beyond presenting outcomes. Consumers require systems that
not only provide sustainability-related information but also explain
causal relationships, justify recommendations, and make trade-offs
transparent across competing criteria. In the context of recommender
systems, this objective is reflected in the literature on explainable
recommendation, which seeks to answer the question of “why” by
providing explanations that help users understand the rationale behind
algorithmic suggestions, thereby increasing transparency, trust, and
perceived usefulness (Zhang & Chen, 2020).

Recent advances in LLMs have opened new avenues for addressing
these challenges through reasoning-oriented architectures, particularly
chain-of-thought models that explicitly generate intermediate reasoning
steps before producing a final output (Wei et al., 2022). By externalizing
the reasoning process, such models enable users to follow how infor-
mation is weighted, how causal links are inferred, and how conclusions
are derived, rather than merely observing a recommendation or score.
Importantly, these capabilities can be further enhanced through
fine-tuning, which adapts general-purpose language models to
domain-specific data, objectives, and reasoning patterns, thereby
improving their relevance, consistency, and alignment with application
contexts (Liu et al., 2023). Reasoning-based and fine-tuned language
models thus represent a significant shift from opaque prediction systems
toward interactive decision support tools that can actively scaffold
users’ understanding and confidence in complex decision situations.
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Chain-of-thought models and fine-tuned language models are
particularly well suited to stimulating sustainable consumption because
they directly address the cognitive, informational, and trust-related
barriers of sustainable consumption. CoT models explicitly articulate
intermediate reasoning steps, which can help consumers structure their
thinking, understand why certain options are more sustainable, and
reduce ambiguity associated with sustainability claims. Fine-tuning
further enhances this potential by aligning language models with
domain-specific sustainability knowledge, decision heuristics, and
contextual constraints, thereby increasing relevance and perceived
competence. Despite these theoretically compelling advantages,
empirical evidence on whether and how reasoning-oriented and fine-
tuned language models actually influence sustainable consumption-
related outcomes remains scarce.

2.4. Explainable Al, reasoning, and user impact

The call for XAl has intensified as AI systems become more pervasive
in high-stakes decision contexts (Longo et al., 2024; Schneider, 2024).
Explainability refers to the degree to which humans can understand the
causes of Al decisions and predictions (Miller, 2019). Traditional ma-
chine learning models, particularly deep neural networks, operate as
"black boxes" whose internal logic remains opaque to users, under-
mining trust and accountability (Rudin, 2019). XAI emerged to address
this limitation by developing techniques that make AI decision-making
transparent and interpretable, thereby enabling users to assess
whether outputs are reasonable, identify potential biases, and maintain
human oversight (Adadi & Berrada, 2018; Doshi-Velez & Kim, 2017).

CoT reasoning represents a distinctive approach to explainability in
LLMs. Unlike post-hoc explanation techniques that attempt to reverse-
engineer decisions after they are made (e.g., LIME, SHAP; Ribeiro
et al.,, 2016), CoT generates explanations intrinsically by articulating
intermediate reasoning steps as part of the generation process itself (Wei
et al., 2022; Yao et al., 2024). This approach aligns more closely with
human explanatory norms: people typically justify decisions by
describing their reasoning process rather than by decomposing internal
cognitive mechanisms (Miller, 2019). Recent technical research dem-
onstrates that CoT improves model performance on complex reasoning
tasks by 20-50% compared to direct answer generation (Kojima et al.,
2022; Wei et al., 2022), and that models trained on CoT reasoning
exhibit greater logical consistency and fewer factual errors (Chen et al.,
2025; Chen et al., 2025; Lightman et al., 2023).

However, technical performance metrics do not directly answer the
critical IS question: Do users benefit from CoT transparency? A growing
body of research distinguishes between system explainability (technical
interpretability) and user understanding (psychological outcomes; Hoff-
man et al., 2018; Meske et al., 2022). Studies show that technically
"interpretable” models do not always lead to better user comprehension
or trust (Kaur et al., 2020; Poursabzi-Sangdeh et al., 2021). In some
cases, exposing too much complexity overwhelms users (Chromik et al.,
2021), while in others, explanations fail to align with users' mental
models or information needs (Liao & Sundar, 2022). This research un-
derscores that explainability must be evaluated not only by computa-
tional metrics but by its impact on user psychology and behavior
(Hoffman et al., 2018; Ribeiro et al., 2016).

Recent empirical studies on XAI and user outcomes reveal mixed
findings. On one hand, explanations have been shown to increase trust
(Kizilcec, 2016; Shin & Park, 2019), perceived usefulness (Pu & Chen,
2008), and decision confidence (Zhang & Chen, 2020) in recommender
systems and decision support contexts. Tintarev and Masthoff (2015)
identify multiple goals of explanations, including transparency (helping
users understand system logic), trust (increasing confidence), and
effectiveness (helping users make better decisions). Conversely, existing
research highlights several unintended drawbacks of explainability.
When explanations become overly complex, they can impose additional
cognitive load on users, making systems harder rather than easier to
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understand. At the same time, revealing how data is utilized may
heighten privacy concerns, as users become more aware of the extent of
data collection and processing (Chromik et al., 2021; Knijnenburg et al.,
2013; Najafian et al., 2021). Paradoxically, explanations can also erode
trust, particularly when they expose system limitations or uncertainties
that users might otherwise overlook (Schilke et al., 2025; Bansal et al.,
2021).

The impact of CoT reasoning on user outcomes remains largely un-
explored in information systems research. While computer science
studies have validated CoT's computational advantages, empirical evi-
dence on its psychological effects is scarce. Recent work suggests that
reasoning explanations may be particularly effective for complex, multi-
step problems where users need to follow logical progression (Chen
et al., 2025; Chen et al., 2025; Kovari, 2025), but these findings are
preliminary and often based on expert evaluations rather than end-user
studies. Critically, no research has systematically examined whether
CoT-based transparency affects knowledge acquisition and behavioral
intentions in real-world decision contexts—particularly in domains like
sustainable consumption where recommendations involve normative
judgments and value trade-offs, not just factual accuracy.

This gap is significant because sustainable consumption decisions
differ fundamentally from typical Al tasks. Unlike factual queries (e.g.,
"What is the capital of France?") or optimization problems (e.g., "Find
the shortest route"), sustainability decisions require balancing
competing values (environmental vs. economic), interpreting uncertain
information (carbon footprint estimates), and justifying normative
choices (why ethical sourcing matters). In such contexts, CoT reasoning
may serve not merely as a technical explanation but as a decision scaf-
fold that helps users structure their thinking, weigh trade-offs, and build
confidence in complex choices. However, it may also overwhelm users
with excessive detail or trigger concerns about data usage. Under-
standing these competing effects requires empirical investigation of the
psychological mechanisms through which CoT transparency oper-
ates—an investigation that technical Al research alone cannot provide.

The present paper addresses the outlined gap by empirically testing
the effects of CoT-based and fine-tuned conversational agents in a
controlled experimental setting. We draw on the following constructs
and theories. We expect that features of CoT and fine-tuned language
models improve perceived usefulness and ease of use of the conversa-
tional agents. These constructs are core determinants of technology
adoption according to the TAM (Davis et al., 1989; Davis, 1989).
Simultaneously, these features increasing information quality, which is
conceptualized in the IS Success Model (DelLone & McLean, 1992;
DeLone & McLean, 2003). At the same time the additional information
may increase the cognitive processing and the anxiety that private data
is misused. Therefore, we also consider these effects from the perspec-
tive of the Cognitive Load Theory (Sweller, 1988) and the
Privacy-Calculus-Theory (Culnan & Bies, 2003).

2.5. Review of empirical literature

Although prior empirical research in information systems, informa-
tion management, marketing, and sustainability has informed our study,
no existing work has directly addressed our research question at the
intersection of reasoning transparency, conversational Al, and sustain-
able consumption.

A first stream of research examines how digital recommendations
influence sustainable consumption behavior. For example, Satinet et al.
(2025) compare traditional recommendations, sustainability-oriented
recommender systems, and no recommendations in a controlled online
shopping environment. Their findings show that sustainability-oriented
recommendations increase the purchase of sustainable products by
enhancing user interest and reducing search effort. Similarly, von Zahn
et al. (2024) demonstrate how online retailers can reduce environ-
mentally harmful behavior through digital interventions that combine
green nudges with causal machine learning-based personalization. In a
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related vein, Majid et al. (2025) study conversational AI chatbots as
pro-social nudging mechanisms that can trigger pro-environmental
behavioral spillovers beyond the immediate decision context. Further-
more, Silalahi, (2025) identify trust as a key driver of user adoption of
GenAl-based sustainability recommendations.

However, this stream of literature primarily focuses on whether and
under which conditions digital interventions influence sustainable
behavior, while largely treating Al systems as black-box recommenders.
In particular, these studies do not examine how the structure and
transparency of Al-generated reasoning shape user perceptions and
behavioral outcomes.

A second stream of research, primarily situated in marketing and
human-Al interaction, investigates how users respond to explanations in
conversational recommendation systems. Chen et al. (2024) show that
post-hoc explanations increase perceived interpretability, which in turn
enhances trust, purchase intention, and click-through behavior. Simi-
larly, Chen, Lin, et al. (2025), Chen, Deng, et al. (2025) demonstrate that
different explanation types (e.g., expert validation vs. consensus vali-
dation) increase perceived transparency and trust in conversational
recommendations.

While this literature highlights the importance of explainability, it
remains limited in two important respects. First, prior studies focus
predominantly on post-hoc explanations, rather than intrinsic, process-
based reasoning transparency such as CoT. Second, these studies are
largely conducted in conventional consumption contexts and do not
account for the unique characteristics of sustainability-related decisions,
which are typically characterized by uncertainty, moral trade-offs, and
multi-criteria evaluation.

Moreover, prior research indicates counterarguments regarding the
value of explainability. Some studies suggest that increased trans-
parency may impose cognitive costs, leading to information overload or
reduced usability, and that users may prefer simple recommendations
over complex explanations in low-involvement contexts (Awad et al.,
2006; Dinev & Hart, 2006; Hoffmann et al., 2022b). This raises an un-
resolved question as to whether more detailed reasoning enhances or
hinders decision-making.

Against this backdrop, our study addresses three critical gaps. First,
we move beyond black-box recommendation systems by examining how
reasoning transparency in the form of CoT affects user perceptions and
behavior. Second, we integrate model development and empirical user
evaluation, thereby linking technical advances in AI with behavioral
outcomes. Third, we focus on sustainable consumption as a high-
relevance context, where reasoning transparency is expected to play a
particularly important role in resolving uncertainty and supporting
informed decision-making.

To the best of our knowledge, this is the first study to combine the
development of a reasoning-enabled conversational agent with a causal
empirical evaluation of its effects on user perceptions, knowledge
acquisition, and behavioral intentions in the domain of sustainable
consumption.

3. Research design

This study is organized into three comprehensive studies (phases)
(Fig. 1) that collectively address the development, evaluation, and user
experience of CoT enhanced LLMs for sustainable consumption
behavior. Study 1 (Phase 1) centers on the technical fine-tuning of the
Qwen2.5-3B-Instruct’ language model, leveraging a sophisticated multi-
agent system to generate high-quality CoT reasoning examples within
the sustainable consumption domain. These data” are publicly shared
via Hugging Face to ensure transparency and reproducibility. The fine-

! Link to model: https://huggingface.co/Qwen/Qwen2.5-3B-Instruct
2 Link to data: https://huggingface.co/datasets/arad1367/COT-Sustain
able-Consumption-Behavior
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tuning process employs advanced techniques such as Group Relative
Policy Optimization (GRPO) and Low-Rank Adaptation (LoRA), with
training progress rigorously monitored through metrics including
reward signals, Kullback-Leibler (KL) divergence, and loss functions.
Study 2 (Phase 2) implements a robust quantitative experimental design
involving IT specialists, utilizing a between-subjects framework to
compare the CoT-enabled chatbot against a standard baseline. PLS-SEM
with 5000 bootstraps is applied to test eight mediating mecha-
nisms—spanning trust, transparency, cognitive load, and person-
alization—that influence knowledge acquisition and behavioral
intentions. This phase provides strong causal evidence supporting the
efficacy of CoT reasoning in enhancing user outcomes. Study 3 (Phase 3)
complement these findings through a qualitative content analysis of
open-ended feedback from participants, employing inductive coding to
identify six thematic categories that capture nuanced user perceptions of
the chatbot’s reasoning transparency, response length, and overall
experience. Together, these phases offer a holistic and rigorous evalu-
ation of CoT-enhanced language models, bridging technical innovation
with behavioral validation and user-centered insights.

4. Study 1 (Phase 1): Model fine-tuning
4.1. Methodology

We utilized the Qwen2.5-3B-Instruct model (Yang et al., 2025) as
our base model due to its strong instruction-following capabilities and
efficiency.

4.1.1. GRPO for reasoning

To enhance the model's reasoning capabilities, we employed GRPO,
an advanced reinforcement learning technique designed to improve
logical consistency in LLMs. Unlike standard reinforcement learning
which scores answers in isolation, GRPO evaluates a group of responses
relative to each other to encourage diverse and accurate reasoning paths
(Shao et al., 2024). By generating a cohort of multiple potential
reasoning chains for a single sustainability query and ranking them
within that group, the model learns to distinguish between superficial
answers and those that offer robust, step-by-step justification.

This approach is particularly valuable for the domain of sustainable
consumption, where decision-making often involves navigating complex
trade-offs rather than retrieving a single static fact. GRPO eliminates the
need for a separate value function approximation—common in tradi-
tional Reinforcement Learning from Human Feedback (RLHF)—thereby
reducing computational overhead while stabilizing the training process.
This ensures the model effectively learns to structure its output as a
coherent "chain of thought," providing the transparency required for the
subsequent user experiments (Guo et al., 2025).

4.1.2. Data for fine-tuning

The development of high-quality training data represented a critical
component in the fine-tuning process (Ebrahimi & Schneider, 2025). We
implemented a multi-agent synthetic data generation pipeline (Fig. 2)
specifically designed to create CoT reasoning examples focused on sus-
tainable consumption behavior. This pipeline consisted of four special-
ized agents working in sequence to ensure comprehensive coverage of
the domain knowledge while maintaining reasoning quality.

The data generation process began with a “Question Answer Generator
Agent” that created domain-specific queries related to sustainable con-
sumption behavior. These questions were designed to cover diverse as-
pects including consumer decision-making, green marketing strategies,
policy implications, and behavioral economics principles within sus-
tainability contexts. The generated questions underwent evaluation by
an “Evaluator Agent” that assessed their relevance, complexity, and
alignment with sustainable consumption research frameworks.

Questions passing the evaluation criteria were then processed by a
“Reasoning Steps/CoT Generator Agent”, which produced detailed step-
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Fig. 2. Multi-agent synthetic data generation pipeline with PraisonAl (n.d.).
(Source: Authors' own work using PraisonAI)

by-step reasoning paths leading to comprehensive answers. This agent
was specifically designed to articulate intermediate reasoning steps that
demonstrate logical progression, consideration of multiple factors, and
integration of domain knowledge. The reasoning chains explicitly
modeled the cognitive processes underlying sustainable consumption
decisions, providing exemplars of desired reasoning patterns for the
model to learn from.

The final component of the pipeline, the “Uploader Agent”’, stan-
dardized the format of the generated data and published it to a public
repository (Fig. 3). The resulting dataset comprised 717 question-answer
pairs with corresponding reasoning chains, covering a comprehensive
range of sustainable consumption topics. Each entry contained a ques-
tion, the reasoning process, and the final answer, structured to facilitate
the model's learning of both content knowledge and reasoning
methodology.

This synthetic data generation approach offered several advantages
over manual annotation, including scalability, consistency in reasoning
structure, and comprehensive domain coverage. The multi-agent

architecture ensured quality control at each stage of the generation
process, resulting in training data that effectively captured the
complexity of sustainable consumption reasoning while maintaining
coherence and accuracy.

4.2. Results

The fine-tuning process was conducted over 300 steps using the
GRPO methodology. To validate that the model successfully learned to
generate reasoning chains without losing its foundational knowledge,
we monitored key training metrics including reward scores and KL
divergence.

As detailed in Appendix A (see Fig. A1 and Table Al), the training
progression followed a characteristic S-curve. Initial steps showed
negative reward scores as the model explored reasoning patterns, which
rapidly improved and stabilized around step 150. The KL divergence
metric confirmed that while the model adapted to the specific reasoning
format required for sustainable consumption advice, it remained within
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Question

How can augmented reality (AR) at the POS influence green
purchase behavior?

What role can chatbots play in promoting sustainable consumption
at the P0S?

How can digital signage at the POS help overcome the attitude-
behavior gap in green consumption?

What is the potential of interactive kiosks in facilitating green
purchase decisions?

How can mobile apps enhance green consumption behavior at the
P0S?

What role can virtual reality (VR) play in influencing
sustainable purchasing decisions?
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Answer

Step 1: Break Down the Problem To undexrstand how AR at the POS
can influence green purchase behavior, we need to explore: The..

Step 1: Break Down the Problem To determine the role of chatbots
in promoting sustainable consumption at the POS, consider: The..

Step 1: Break Down the Problem To undexrstand how digital signage
can help overcome the attitude-behavior gap, we need to: Define..

Step 1: Break Down the Problem To explore the potential of
interactive kiosks in facilitating green purchase decisions,..

Step 1: Break Down the Problem To undexrstand how mobile apps can
enhance green consumption behavior at the POS, we need to:..

Step 1: Break Down the Problem To determine the role of VR in
influencing sustainable purchasing decisions, consider: The..

8 Next

Fig. 3. Display of some rows of the CoT sustainable consumption behavior dataset from Hugging Face.

(Source: Authors' own work)

a safe probability distribution relative to the base model, preventing
"catastrophic forgetting" of general knowledge.

Beyond numerical metrics, comparative analysis confirmed that the
fine-tuned model successfully transitioned from providing direct, un-
explained answers to generating structured, step-by-step CoT explana-
tions. Table 1 illustrates this shift, comparing a response from the
baseline model against the fine-tuned reasoning agent.

While standard performance metrics such as format adherence
showed a quantitative improvement in the fine-tuned model (see Ap-
pendix A), the primary contribution of the fine-tuning process was a
fundamental qualitative shift in decision support capabilities. The
baseline model, despite its general competence, operated as an opaque
"black box," typically delivering direct recommendations without
exposing the underlying rationale. This lack of transparency forces users
to rely blindly on the system's authority.

In contrast, the fine-tuned agent successfully adopted a "glass box"
approach. By consistently generating explicit CoT reasoning paths, the
model demonstrated the capability to externalize its decision-making
process. This is not merely an incremental improvement in accuracy,
but a structural change in how information is presented: users are no
longer just given an answer; they are guided through the trade-offs,

Table 1
Comparative performance analysis (Base vs. CoT).
Evaluation Metric Base Model Fine-Tuned Model Improvement
(Final Phase)

Reasoning Structure Direct answer Step-by-step CoT Qualitative

Structured Format 0% (0.00) 45.6% (0.456) + 45.6 pp
Adherence

Response 3.79(1/0.264)  3.21-10.53 Variable
Consistency (1/
SD)

Average Response 150-200 207.8 + 28.4 tokens + 10-40%
Length tokens

Reasoning Implicit Explicit with Qualitative
Transparency justification

Multi-factor Analysis ~ Limited Comprehensive trade- Qualitative

offs

Policy Divergence 0.00 0.088 + 0.022 +0.088
(KL) (reference)

Training Efficiency 100% 3.99% parameters 96%

parameters (LoRA) reduction
Inference Speed Baseline ~Equivalent (VLLM) Maintained
Domain Adaptation General Sustainable Specialized
instruction consumption

Note: Base model evaluated on 717 sustainable consumption queries; Fine-
tuned metrics from final phase (steps 151-300). Structured Format Adherence
measures CoT template compliance; KL divergence < 0.1 indicates controlled
adaptation without catastrophic forgetting; pp - percentage points.

causal links, and normative considerations that lead to that answer.
This capability is critical for sustainable consumption, where trust relies
less on the "correctness" of a prediction and more on the justification of
complex, value-laden choices. This technical validation ensures that the
artifact used in the subsequent user study (Phase 2) effectively repre-
sents a 'reasoning-based" system capable of transparent decision
support.

5. Study 2 (Phase 2): Survey-based study
5.1. Theoretical background & hypotheses development

Transparency, understood as the degree to which a system's internal
logic and decision-making processes are made visible and comprehen-
sible to users, has been extensively studied as a key driver of perceived
ease of use in Al systems (Chen et al., 2025; Chen et al., 2025; Kovacs &
Horvath, 2025; Schilke & Reimann, 2025). Recent research emphasizes
that transparent systems reduce uncertainty, facilitate mental model
formation, and lower the cognitive burden associated with evaluating
system outputs (Joshi et al., 2024). In the rapidly evolving landscape of
large language models and conversational agents, transparency has
emerged as a critical factor distinguishing trustworthy systems from
opaque "black boxes" (Chen et al., 2025; Chen et al., 2025). Studies
demonstrate that when users understand how Al systems arrive at
conclusions—such as a chatbot articulating the reasoning steps behind a
sustainability recommendation—they experience reduced cognitive
friction and enhanced confidence in the system's outputs (Kovacs &
Horvath, 2025).

The emergence of CoT reasoning in LLMs represents a paradigm shift
in how transparency can be operationalized (Chen et al., 2025; Chen
et al., 2025; Wei et al., 2022). Unlike traditional post-hoc explanations
appended to recommendations, CoT models generate intermediate
reasoning steps as an integral part of the response, mimicking human
problem-solving processes. Recent evidence confirms that CoT-based
reasoning enhances model interpretability and transparency by allow-
ing users to inspect the reasoning path, making it easier to diagnose
errors and understand decision-making processes (Chen et al., 2025;
Chen et al., 2025). Research demonstrates that CoT disclosure builds
trust and accountability by transforming Al from an incomprehensible
oracle into a collaborative partner whose logical steps can be followed
and evaluated by users (Chen et al., 2025; Chen et al., 2025). This
capability is particularly valuable in contexts requiring justification and
normative reasoning, where users need to understand not just what the
system recommends but why and how it arrived at that conclusion.

In the context of sustainable consumption, this mechanism is
particularly relevant. Traditional "black box" recommender systems
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present outcomes (e.g., "Product A is more sustainable") without
revealing the underlying logic, forcing users to mentally reconstruct the
decision criteria—a process that widens the "gulf of evaluation"
(Norman, 2013) and increases cognitive load. When users receive an
unexplained recommendation, they must infer whether it accounts for
carbon footprint, ethical sourcing, local production, or other sustain-
ability dimensions. This inference process is cognitively demanding and
error-prone, particularly in high-complexity domains like sustainability
where multiple conflicting criteria must be weighed (Trudel, 2019;
White et al., 2019).

CoT-enabled chatbots directly address this cognitive bottleneck by
externalizing the reasoning process. By explicitly articulating interme-
diate steps (e.g., "Given your preference for organic products and low
carbon footprint, I compared local non-organic options versus imported
organic options based on..."), CoT reduces the interpretive effort
required to understand why a recommendation is made and how it aligns
with user values. Recent research on cognitive load in conversational Al
confirms that reducing information processing complexity through
structured, concise explanations significantly lowers cognitive load and
improves task completion (Zhao et al., 2025). A 2025 study on visually
impaired assistance agents demonstrated that delivering brief,
well-sequenced information via a "Less is More" principle reduced
cognitive load by 39.9% and improved usability scores, confirming that
structured reasoning outputs minimize extraneous cognitive processing
(Zhao et al., 2025).

This ease of understanding is conceptually distinct from general
interface usability or user-friendliness. While interface design, response
time, and navigation structure influence overall user-friendliness,
perceived ease of understanding specifically captures the cognitive
accessibility of system outputs (Venkatesh & Bala, 2008). CoT's contri-
bution operates at this informational level: it makes the content easier to
process by providing structured reasoning scaffolds, independent of
other interface factors. Research on explainable Al chatbots confirms
that transparency in decision-making—showing users the logic behind
recommendations—dramatically improves comprehension and reduces
the "black box" problem, making Al systems more intuitive and less
complex to interpret (Kovari, 2025). A comprehensive 2025 review of
explainable AI chatbots emphasizes that comprehensibility and human
understanding focus on the ease with which explanations can be un-
derstood and the clarity with which they convey the model's reasoning
to humans, which are central to effective human-Al interaction (Kovari,
2025).

The TAM (Davis et al., 1989; Davis, 1989) and its refinements (e.g.,
UTAUT, Venkatesh et al., 2003) identify perceived ease of use as a
central determinant of technology adoption. In the context of Al-based
decision support systems, perceived ease of use encompasses not only
interface usability but also the cognitive effort required to interpret and
act upon system outputs (Venkatesh & Bala, 2008). When systems are
perceived as easy to use, users are more likely to engage with them,
process information effectively, and translate this understanding into
behavioral outcomes (Gefen et al., 2003; Shin, 2021).

Given this theoretical foundation, we expect that CoT-enabled
chatbots will enhance perceived ease of understanding by reducing
the cognitive effort required to interpret recommendations and evaluate
their alignment with sustainability goals. This enhanced ease of under-
standing, in turn, should facilitate knowledge acquisition—users can
more effectively process and retain sustainability-related informa-
tion—and strengthen behavioral intentions by increasing confidence in
decision-making (Davis, 1989; Venkatesh et al., 2003). Hence:

H1. Perceived user friendliness will mediate the effect of interacting
with the reasoning-based (vs. regular) chatbot on (a) perceived knowl-
edge and (b) behavioral intentions.

According to the TAM, perceived usefulness, the degree to which a
user believes a system supports task achievement, is a key determinant
of behavioral intentions to use technology (Davis, 1989). Recent
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research indicates that perceived usefulness is also critical for the
adoption of generative Al tools (Lasarov et al., 2026; Ma et al., 2025). In
the context of sustainable consumption, reasoning-based chatbots can
enhance perceived usefulness by explaining not only what actions to
take but also why certain options are more sustainable (Wei et al., 2022).
By revealing intermediate reasoning steps and clarifying causal and
normative relationships, these chatbots make the system’s instrumental
value more salient, support users’ goal attainment, and facilitate
learning. Enhanced perceptions of usefulness are expected to improve
knowledge acquisition and increase intentions to engage in sustainable
behaviors, as users better understand both the recommendations and
their underlying rationale.

H2. Perceived usefulness of the chatbot will mediate the effect of
interacting with the reasoning-based (vs. regular) chatbot on (a)
perceived knowledge and (b) behavioral intentions.

Next, we propose that perceived personalized information will
mediate the influence of a reasoning-based chatbot. The IS Success
Model by DeLone and McLean, 1992; DeLone and McLean, 2003, which
provides a comprehensive framework for evaluating the effectiveness of
information systems, identifies six interrelated dimensions of IS success,
in terms of use and user satisfaction: system quality, information quality,
service quality, use, user satisfaction, and net benefits. For the present
study information quality is of particular relevance. Information quality
assesses the accuracy, relevance, and timeliness of the information
produced by the system. Personalization increases the relevance of in-
formation, thereby strengthening user engagement and persuasion
(Kapoor & Kumar, 2025; Kim et al., 2025; Tam & Ho, 2006). Person-
alization is a defining characteristic of effective recommender systems
and has been shown to enhance perceived relevance and engagement
(Kocaballi et al., 2019) and reduce distress (Wu et al., 2026).
Reasoning-based chatbots can tailor explanations to users’ queries,
values, and contexts, thereby increasing perceived personalization.
Users who experience personalized reasoning are more likely to perceive
the recommendations as meaningful and actionable, which should in-
crease knowledge acquisition and sustainable behavioral intentions.

H3. Perceived personalization of information will mediate the effect of
interacting with the reasoning-based (vs. regular) chatbot on (a)
perceived knowledge and (b) behavioral intentions.

The answers generated by GenAl often appear logical and they are
often presented as facts. However, sometimes such answers are “hallu-
cinations”, they are wrong or misleading (Dale, 2021; Kim & Lee, 2026).
Users value accuracy when they search for Al guidance (Wu et al.,
2026). Therefore, trust is a central antecedent of acceptance and reliance
on Al systems (Gefen et al., 2003; Glikson & Woolley, 2020; Kang et al.,
2025). In particular, trust in the truthfulness of answer is an important
aspect for conversational agents (Amrollahi et al., 2026; Lasarov et al.,
2026; Shin, 2021; Yang et al., 2026). Reasoning-based chatbots that
clearly articulate the rationale behind recommendations can enhance
perceived trustworthiness by making the decision process more trans-
parent (Wei et al., 2022). When users trust the system, they are more
likely to accept its guidance, improve their understanding, and adopt
recommended sustainable behaviors.

H4. Trust in the chatbot will mediate the effect of interacting with the
reasoning-based (vs. regular) chatbot on (a) perceived knowledge and
(b) behavioral intentions.

Transparency refers to the clarity with which a system communicates
its internal logic, operations, or reasoning processes (Rai, 2020). In
Al-enabled conversational systems, transparency can mitigate uncer-
tainty and increase user confidence in decision-making, which is a
critical antecedent of reliance on recommender systems (Gefen et al.,
2003; Shin & Park, 2019; Shin, 2021; Wei et al., 2022). CoT-enabled
reasoning explicitly exposes intermediate steps in the recommendation
process, allowing users to understand how trade-offs and sustainability
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assessments are derived. This increased transparency is expected to
strengthen perceived knowledge and foster sustainable behaviors. The
relationship between transparency and user experience is often
described as a "double-edged sword" in IS literature (Kizilcec, 2016).
While transparency fosters trust, excessive detail can lead to information
overload, potentially overwhelming the user and reducing satisfaction
(Hibbeln et al., 2017). However, the domain of sustainable consumption
is characterized by high ambiguity and conflicting values (e.g., local
non-organic vs. imported organic). In such high-uncertainty contexts,
the risk of "blind trust" in a black box is perceived as greater than the cost
of processing additional information. Users require the "why" to validate
that the system has considered the complex trade-offs inherent in sus-
tainability. Therefore, we argue that in this specific context, the utility of
justification provided by CoT reasoning outweighs the potential nega-
tive effects of increased information length.

H5. Perceived transparency of the chatbot will mediate the effect of
interacting with the reasoning-based (vs. regular) chatbot on (a)
perceived knowledge and (b) behavioral intentions.

While explanations can facilitate learning, excessive or poorly
structured reasoning may increase cognitive effect to process the in-
formation. Cognitive Load Theory posits that the amount of mental
effort required to process information influences learning outcomes
(Sweller, 1988). While reasoning-based chatbots provide structured
explanations, excessive or poorly organized information can increase
cognitive load, potentially diminishing knowledge acquisition and
behavioral intentions (Hoffmann et al., 2022b). Therefore, we assume
that CoT reduces cognitive load, which finally leads to higher levels of
perceived knowledge and behavioral intentions.

H6. Perceived cognitive load will mediate the effect of interacting with
the reasoning-based (vs. regular) chatbot on (a) perceived knowledge
and (b) behavioral intentions.

Extending the length of the answers of a chatbot without providing
good explanations may also increase users' impression that the conver-
sional agent provides ineffective or irrelevant information (Longoni
et al., 2019). When CoT reasoning appears tentative, confusing, or un-
convincing, users may perceive the chatbot as less effective. Such inef-
ficacy perceptions can undermine persuasion of the gathered knowledge
and weaken intentions to behave in the recommended manner.
Reasoning-based chatbots may reduce the user’s perception of
inefficiency.

H7. Perceived inefficiency of the chatbot will mediate the effect of
interacting with the reasoning-based (vs. regular) chatbot on (a)
perceived knowledge and (b) behavioral intentions.

Privacy concerns represent a well-documented barrier to adoption of
Al-based systems, particularly when personalization requires user data
(Awad and Krishnan, 2006; Dinev & Hart, 2006) and in particular with
regard to GenAl (Lasarov et al., 2026; Puntoni et al., 2021).In recom-
mender systems, a well-established body of research has documented
that explanations can paradoxically heighten privacy awareness by
making data processing more visible to users (Knijnenburg et al., 2013;
Najafian et al., 2021). According to the Privacy Calculus Theory, in-
dividuals evaluate the trade-off between the perceived benefits of a
service, such as personalized recommendations or enhanced decision
support, and the perceived risks associated with disclosing personal
information (Culnan & Bies, 2003). Knijnenburg et al. (2010) demon-
strated that despite privacy concerns arising from increased awareness
of personalization, higher system effectiveness can still increase users'
willingness to engage with recommender systems, suggesting a complex
privacy-utility trade-off. This phenomenon is particularly pronounced
when explanations reveal inferences about personal attributes or
detailed profiling that users were previously unaware of (Gedikli et al.,
2014; Tintarev & Masthoff, 2015). While traditional "black box" systems
collect and use data opaquely, explanation-enhanced systems explicitly
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reveal which user characteristics, preferences, or behaviors are being
analyzed. CoT chatbots explicitly articulate reasoning steps that may
reference user-specific information (e.g., "Based on your preference for
organic products and concern about carbon footprint..."), making data
usage more transparent. For privacy-sensitive users, this visibility of
data usage may reduce their fears of unintended data usage. Fig. 4 shows
the conceptual model of the research.

H8. Privacy concerns will mediate the effect of interacting with the
reasoning-based (vs. regular) chatbot on (a) perceived knowledge and
(b) behavioral intentions.

5.2. Methodology

5.2.1. Procedure

This study employed an experimental between-subjects design in
which participants were randomly assigned to one of two chatbot con-
ditions, contrasting a CoT reasoning chatbot (1) with a standard chatbot
without CoT (0). Both versions are identical expect for the fact that (1)
reports the CoT. In both groups, participants were invited to use a Sus-
tainable Consumer Behavior App, which included an interactive chatbot
designed to provide information and guidance on sustainable con-
sumption. They were instructed to engage in a conversation with the
chatbot, asking questions about topics such as selecting environmentally
friendly products, reducing waste, energy, or emissions in daily life,
understanding the environmental impact of specific habits or products,
and obtaining practical tips for adopting sustainable behaviors. Partic-
ipants interacted with the chatbot through a free-text chat window,
allowing them to ask any questions of interest. To ensure sufficient
engagement, participants were asked to pose at least three questions and
maintain the conversation for a minimum of three minutes, although
they were free to continue for longer if desired. This procedure ensured
that participants had a meaningful and interactive experience with the
chatbot, allowing the study to capture responses to the experimental
manipulation effectively.

Figs. 5 and 6 illustrate the core distinction between black-box and
glass-box approaches across two sustainability contexts (See Appendix B
for more examples). In both figures, the black-box approach provides
direct answers without exposing the underlying reasoning process,
leaving the decision logic opaque to users. In contrast, the glass-box
approach explicitly surfaces the analytical steps—such as problem
analysis, trade-off evaluation, and justification (Fig. 6), or certification
verification, carbon footprint assessment, and greenwashing detection
(Fig. 5)—before presenting the final recommendation. By revealing how
conclusions are derived rather than merely stating them, the glass-box
design operationalizes transparent decision support and enables
informed consumer decision-making.

Appendix C presents screenshots of our web-based experiment,
hosted on GitHub.io, which used Google Forms to collect user data after
participants interacted with the chatbots.

5.2.2. Sample

Data were collected using an online experiment distributed to par-
ticipants recruited from a community of IT specialists. The final sample
consisted of N =417 participants (38.1% female, 61.9% male). Ap-
pendix D presents the sample profile.

5.2.3. Analytical approach

We used PLS-SEM to test the model. This method is appropriate due
to (a) the predictive orientation of the research model, (b) the inclusion
of multiple mediators, and (c) the presence of a dichotomous experi-
mental variable (Hair et al., 2022; Henseler et al., 2009). In recent years,
PLS has been frequently applied in information management research
(e.g., Hubert et al., 2025; Koohang et al., 2022; Li et al., 2021; Liu et al.,
2018; Matheus et al., 2023; Zheng et al., 2019). All analyses were con-
ducted using SmartPLS 4 (Ringle et al., 2024) with 5000 bootstrapping
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Promoters
- Perceived user-friendliness (H1)
- Perceived usefulness (H2)
- Personalized information (H3)
- Trust in chatbot (H4)
- Perceived transparency (H5)

Manipulation
Type of chatbot
(with / without CoT)

Outcomes
Perceived knowledge
Behavioral intentions

Inhibitors
- Perceived cognitive load (H6)
- Perceived inefficiency (H7)
- Privacy concerns (H8)

Fig. 4. Conceptual model of consumer processing.
(Source: Authors' own work)
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Comparison of Al Transparency Approaches for Sustainable Consumption at Point-of-Sale
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[ User Query: How can transparency in environmental product claims at POS systems combat greenwashing and support informed decision-making? J
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Internal Analysis:
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: Carbon Footprint Analysis: 0.2 kg CO2e per unit (low). -
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1

Greenwashing Indicators: None detected.
Verified sustainable sourcing.
l </reasoning>

! Recommendation: Highly Sustainable Choice.
1 Verified environmental certifications and low carbon footprint.
1 Free from greenwashing claims. /
| </answer>

1
" User trust and informed
: decision-making

Note: Glass Box approaches enable consumers to understand Al reasoning about product sustainability claims, supporting informed choices and reducing

susceptibility to greenwashing.

Fig. 5. Black Box vs. Glass Box Al approaches across sustainability domains (POS).

(Source: Authors' own work)

subsamples. We report our model relying on typical guidelines, such as
Hair et al., 2019; Hair et al., 2022.

In evaluating our theoretical model, we explicitly acknowledge the
ongoing methodological discourse regarding the appropriateness of
variance-based SEM techniques in Information Systems research
(Evermann & Ronkko, 2023). Recent debates highlight the limitations of
traditional PLS-SEM in consistently estimating common factor models
without bias. To ensure methodological rigor and directly address these
concerns, we utilize Consistent PLS (PLSc-SEM), which applies a
correction for attenuation to provide consistent estimates for reflective
measurement models. As demonstrated by Henseler and Schuberth
(2025), PLSc serves as a robust and mathematically sound method to
overcome traditional PLS limitations. Furthermore, we align with
Henseler and Schuberth (2025) by relying on established PLSc rather
than adopting premature factor-based PLS (PLSF-SEM) techniques,
ensuring that our complex, multi-mediator framework is evaluated with
the highest degree of established statistical validity.

5.2.4. Measures
We used multi-items scales with reflective specification to oper-
ationalize the promoting and inhibiting mediator variables and the

10

dependent variables. Three items to measure the perceived user-
friendliness as well as three items to measure perceived usefulness
were adapted from Hoffmann et al., 2022a; Hoffmann et al., 2024b. We
adapted three items to measure personalized information and three
items to measure trust in the chatbot from Hoffmann et al. (2024b). We
created three items for perceived transparency on bases of Mao et al.
(2024). We developed three items for perceived cognitive load and three
items for perceived inefficiency. Three items to measure privacy con-
cerns were taken from Hoffmann et al. (2022b). We created scales for
perceived knowledge (three items) and behavioral intentions (four
items). All items were measured on seven-point rating scales. A com-
plete list of measurement items is presented in Appendix E.

5.2.5. Measurement model

In assessing the measurement models of the PLSc-SEM analysis, we
followed established reliability and validity criteria. All relevant statis-
tics are reported in detail in Table 3. Internal consistency reliability was
examined using Cronbach’s alpha and composite reliability, both of
which exceeded the recommended thresholds (> 0.70), indicating
satisfactory reliability. Convergent validity was evaluated through the
average variance extracted (AVE). While most constructs reached values
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Comparing Black Box vs Glass Box Approaches to Al Reasoning
User Query: What are the key requirements for sustainable supply chain transparency in fashion?
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informed decision-making
Opaque Decision Process Transparent Decision Process
Fig. 6. Black Box vs. Glass Box Al approaches across sustainability domains (fashion).
(Source: Authors' own work)
Table 3
Measurement model validation and correlation matrix.
M SD CA CR AVE KNOW BI UF PU PI TR TRN CL INEFF PRIV
KNOW 4.76 1.57 0.77 0.77 0.52 0.72 0.83 0.41 0.48 0.49 0.53 0.44 0.52 0.54 0.54
BI 4.72 1.57 0.79 0.79 0.48 0.83 0.70 0.41 0.55 0.55 0.52 0.45 0.47 0.50 0.46
UF 4.94 1.35 0.70 0.71 0.44 0.41 0.41 0.67 0.10 0.09 0.21 0.20 0.16 0.13 0.16
PU 4.99 1.32 0.75 0.76 0.51 0.48 0.55 0.10 0.71 0.31 0.22 0.15 0.25 0.21 0.25
PI 4.76 1.36 0.75 0.76 0.50 0.49 0.55 0.08 0.31 0.71 0.12 0.23 0.10 0.27 0.21
TR 4.93 1.43 0.78 0.79 0.54 0.53 0.52 0.21 0.22 0.13 0.74 0.14 0.16 0.33 0.29
TRN 4.97 1.27 0.75 0.76 0.51 0.44 0.45 0.20 0.14 0.24 0.14 0.71 0.25 0.23 0.12
CL 3.41 1.42 0.73 0.73 0.48 -0.52 -0.47 -0.13 -0.25 -0.10 -0.16 -0.25 0.69 0.26 0.27
INEFF 3.43 1.38 0.70 0.70 0.44 -0.54 -0.50 -0.12 -0.21 -0.27 -0.32 -0.23 0.26 0.66 0.18
PRIV 3.49 1.39 0.74 0.75 0.49 -0.55 -0.46 -0.16 -0.25 -0.20 -0.28 -0.11 0.27 0.18 0.70

Note: PLSc-SEM. KNOW = perceived knowledge, BI

= behavioral intention, UF = user friendliness, PU = perceived usefulness, PI

= personalized information, TR

= trust in chatbot, TRN = perceived transparency, CL = perceived cognitive load, INEFF = perceived inefficiency, PRIV = privacy concerns, SD =Standard deviation,
CA =Cronbach’s alpha, CR =Composite reliability (rho_a), AVE =Average variance extracted (boldfaced diagonal =square root; lower part =standardized construct

correlations; upper part =heterotrait-monotrait-ratio (HTMT))

above the commonly accepted cutoff (> 0.50), the AVE for user
friendliness (0.44) and inefficiency (0.44) fell marginally below this
threshold. However, recent methodological advancements emphasize
that the 0.50 cutoff should not be interpreted as a strict, isolated decision
rule (Cheung et al., 2024). Aligning with the foundational work of
Fornell and Larcker (1981, p. 46)—who explicitly state that AVE is a
conservative measure and that convergent validity can be deemed
adequate based on composite reliability alone—we retained these con-
structs to preserve the theoretical integrity of our model. Discriminant
validity was assessed using both the Fornell and Larcker (1981) criterion
and the heterotrait-monotrait ratio of correlations (HTMT; Henseler
et al., 2015). The Fornell-Larcker criterion assesses discriminant val-
idity by testing whether a construct shares more variance with its own
indicators than with other constructs. The HTMT criterion assesses
discriminant validity by comparing correlations between constructs
with correlations within constructs; low HTMT values indicate that the
constructs are empirically distinct. The square roots of the AVE values
were higher than the inter-construct correlations, fulfilling the For-
nell-Larcker requirement, and all HTMT values remained below the
recommended thresholds (< 0.90), confirming discriminant validity.
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Finally, for full transparency and to allow for methodological compari-
son, the traditional PLS-SEM results are provided in the supplementary
material (see Supplementary Material).

5.3. Results

Initially, we ran t-tests to analyze the effect of the type of chatbot on
the dependent variables. We found strong statistically significant dif-
ferences (Fig. 7). Participants who used the CoT-chatbot reported higher
perceived knowledge (Myeg = 3.676, Mcor = 6.049, t(415) = 23.445,
p < 0.001) and behavioral intentions (Mreg = 3.607, Mcor = 6.061, t
(415) = 25.469, p < 0.001) that those using a regular chatbot.

Next, we estimated the structural model in SmartPLS 4 using boot-
strapping with 5000 resamples. All variance inflation factors (VIFs) were
below 2, indicating no multicollinearity issues in the model (Hair et al.,
2019). The structural model explained substantial portions of variance,
with perceived knowledge showing an R* of 0.832 (R?;; = 0.829) and
behavioral intention an R? of 0.817 (R?,4j = 0.813). According to Cohen
(1988), R? values around 0.02 indicate small effects, values around 0.15
indicate medium effects, and values above 0.35 indicate large effects,
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Fig. 7. Means of perceived knowledge and behavioral intention depending on type to chatbot.

suggesting that the model demonstrates large explanatory effects for
both endogenous constructs.

The results of the PLS path modeling are summarized in Table 4. In
the upper section of the table, the effects of the experimental manipu-
lation of the chatbot on the mediator variables are presented. Here, all
five hypothesized promoters show positive path coefficients, while the
three hypothesized inhibitors exhibit negative coefficients. All effects
are statistically significant and of substantial magnitude. The middle

section of Table 4 reports the influences of the mediators on the two
dependent variables, perceived knowledge and behavioral intentions.
The sign of each path coefficient aligns with the promoter or inhibitor
classification, and all effects are again statistically significant.

Finally, the lower section of Table 4 presents the results of the
mediation analyses. All indirect effects are significant, confirming that
the proposed mediation mechanisms hold. These results provide full
support for all of the hypothesized relationships.

Table 4
Structural model and hypotheses testing.
B B SD t P CI-2.5 CI-97.5 Hypotheses
(original) (mean)

Chatbot -> Mediator
Chatbot -> UF 0.786 0.791 0.100 7.837 < 0.001 0.588 0.987
Chatbot -> PU 0.906 0.908 0.086 10.547 < 0.001 0.734 1.071
Chatbot -> PI 0.875 0.879 0.092 9.527 < 0.001 0.697 1.055
Chatbot -> TR 1.105 1.104 0.078 14.197 < 0.001 0.945 1.253
Chatbot -> TRN 0.832 0.835 0.090 9.234 < 0.001 0.651 1.008
Chatbot -> CL -0.753 -0.753 0.101 7.465 < 0.001 -0.948 -0.551
Chatbot -> INEFF -0.945 -0.949 0.098 9.634 < 0.001 -1.139 -0.753
Chatbot -> PRIV -0.882 -0.884 0.099 8.918 < 0.001 -1.069 -0.686
Mediator -> DV
UF -> KNOW 0.205 0.206 0.053 3.877 < 0.001 0.104 0.309
UF -> BI 0.208 0.210 0.052 4.012 < 0.001 0.107 0.310
PU -> KNOW 0.154 0.155 0.053 2.922 0.003 0.048 0.257
PU -> BI 0.245 0.245 0.052 4.754 < 0.001 0.143 0.345
PI -> KNOW 0.231 0.231 0.052 4.445 < 0.001 0.128 0.330
PI-> BI 0.306 0.308 0.054 5.647 < 0.001 0.204 0.417
TR -> KNOW 0.231 0.230 0.051 4.485 < 0.001 0.129 0.328
TR -> BI 0.238 0.239 0.050 4.795 < 0.001 0.139 0.334
TRN -> KNOW 0.155 0.154 0.053 2.921 0.004 0.048 0.257
TRN -> BI 0.163 0.163 0.052 3.116 0.002 0.058 0.264
CL -> KNOW -0.239 -0.238 0.053 4.483 < 0.001 -0.341 -0.132
CL -> BI -0.198 -0.198 0.052 3.781 < 0.001 -0.300 -0.094
INEFF -> KNOW -0.205 -0.206 0.054 3.805 < 0.001 -0.310 -0.099
INEFF -> BI -0.145 -0.145 0.054 2.675 0.007 -0.249 -0.035
PRIV -> KNOW -0.244 -0.247 0.051 4.812 < 0.001 -0.347 -0.149
PRIV -> BI -0.142 -0.142 0.051 2.764 0.006 -0.242 -0.041
Mediation (Total indirect effect)
Chatbot -> UF -> KNOW 0.161 0.164 0.051 3.167 0.002 0.075 0.274 Hla supported
Chatbot -> UF -> BL 0.163 0.168 0.051 3.202 0.001 0.076 0.276 H1lb supported
Chatbot -> PU -> KNOW 0.140 0.141 0.050 2.778 0.005 0.043 0.241 H2a supported
Chatbot -> PU -> BI 0.222 0.223 0.057 3.932 < 0.001 0.119 0.339 H2b supported
Chatbot -> PI -> KNOW 0.202 0.204 0.056 3.622 < 0.001 0.103 0.319 H3a supported
Chatbot -> PI -> BI 0.268 0.272 0.063 4.228 < 0.001 0.159 0.408 H3b supported
Chatbot -> TR -> KNOW 0.255 0.254 0.063 4.063 < 0.001 0.137 0.382 H4a supported
Chatbot -> TR -> BI 0.264 0.265 0.062 4.224 < 0.001 0.147 0.390 H4b supported
Chatbot -> TRN -> KNOW 0.129 0.130 0.049 2.613 < 0.001 0.038 0.232 Hb5a supported
Chatbot -> TRN -> BIL 0.136 0.138 0.050 2.708 0.007 0.046 0.241 H5b supported
Chatbot -> CL -> KNOW 0.180 0.180 0.051 3.560 < 0.001 0.091 0.287 Hé6a supported
Chatbot -> CL -> BI 0.149 0.151 0.049 3.050 0.002 0.063 0.254 H6b supported
Chatbot -> INEFF -> KNOW 0.194 0.196 0.056 3.467 < 0.001 0.089 0.309 H7a supported
Chatbot -> INEFF -> BI 0.137 0.138 0.055 2.494 0.013 0.033 0.249 H7b supported
Chatbot -> PRIV -> KNOW 0.215 0.220 0.059 3.681 < 0.001 0.118 0.342 H8a supported
Chatbot -> PRIV -> BI 0.125 0.127 0.051 2.431 0.015 0.034 0.234 H8b supported

Note: PLSc-SEM. KNOW =perceived knowledge, BI = behavioral intention, UF = user friendliness, PU = perceived usefulness, PI = personalized information, TR
= trust in chatbot, TRN = perceived transparency, CL = perceived cognitive load, INEFF = perceived inefficiency, PRIV = privacy concerns, p (original) = path
coefficient PLS modelling, p (sample M) = mean path coefficient via bootstrapping with 5000 samples, SD = standard deviation. CI = confidence interval 2.5%-97.5%.
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In sum, the results strongly support the hypothesized model, showing
that the experimental manipulation of the chatbot effectively influenced
the mediators as expected. The significant mediation effects confirm the
proposed process mechanisms. Promoters and inhibitors had significant
and directionally consistent effects, which in turn significantly impacted
perceived knowledge and behavioral intentions.

While these results provide robust quantitative evidence for the
effectiveness of the manipulation and the underlying process mecha-
nisms, they do not fully illuminate how users subjectively experienced
the interaction with the two chatbot versions. To deepen our under-
standing of these experiential aspects and to contextualize the statistical
findings, we conducted a qualitative follow-up study.

6. Study 3 (Phase 3): Qualitative study
6.1. Methodology

6.1.1. Objective

The primary objective of this qualitative study is to gain a deeper
understanding of participants’ experiences when interacting with chat-
bots that differ in their reasoning capabilities. Specifically, the study
seeks to explore how the presence of CoT reasoning in a chatbot affects
users’ perceptions of usefulness, clarity, and overall interaction quality.
While the quantitative study assessed perceived knowledge and behav-
ioral intentions as outcomes through structured measures, this qualita-
tive investigation focuses on capturing the nuanced, subjective
experiences of participants.

6.1.2. Procedure

This study employed the same experimental procedure as the
quantitative study. Participants were randomly assigned to one of two
chatbot conditions, contrasting a CoT reasoning chatbot with a standard
chatbot without CoT. To ensure comparable interaction depth, partici-
pants were instructed to engage in a conversation with the chatbot, ask
at least three questions, and continue the interaction for a minimum of
three minutes. They were free to continue for longer if desired. After
completing the interaction, they answered an open-ended question
prompting them to describe their overall experience with the chatbot,
including perceived usefulness, clarity, and any issues encountered.

6.1.3. Sample

Data were collected via the online panel provider Prolific. In total,
128 participants interacted with the chatbot for more than three minutes
and provided narrative feedback. Of the participants, 64 (50.0%) iden-
tified as female, 61 (47.7%) as male, 1 (0.8%) as diverse, and 2 (1.6%)
preferred not to disclose their gender. The mean age was 27.6 years (SD
= 7.3), ranging from 18 to 55 years. In total, 70 participants (54.7%)
were assigned to the regular chatbot, whereas 58 (45.3%) used the CoT
chatbot.

6.1.4. Data processing

We conducted an inductive qualitative content analysis following
established principles of iterative coding development (Krippendorff,
2018; Neuendorf, 2017). First, we thoroughly reviewed the material to
identify recurring themes. Initial categories were refined through
repeated comparisons between statements and preliminary codes,
resulting in six final categories. Three categories reflected positive re-
actions, including positive experiences, useful knowledge, and helpful
reasoning, while three reflected negative reactions, including unspecific
answers, long answers, and technical issues.

To ensure coding transparency and replicability, we formulated
precise category definitions and documented representative anchor ex-
amples, which are provided in Appendix F. The full dataset was then
systematically coded based on this scheme.
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6.2. Results

We first examined the frequency of categories across the full sample.
Because participants were not prompted to comment on specific features
of the chatbot, the observed frequencies likely represent conservative
estimates of the underlying perceptions. Overall, 52 participants
(40.8%) reported positive experiences, 18 (14.1%) indicated that they
gained useful knowledge, and 11 (8.6%) explicitly emphasized the
helpfulness of the chatbot’s reasoning process. On the negative side, 7
participants (5.5%) noted unspecific answers, 24 (18.8%) found the
responses too long or confusing, and 16 (12.5%) reported technical or
design issues, such as incomplete answers or a rudimentary interface.

Next, we examined whether category frequencies differed between
chatbot conditions. The descriptive results are displayed in Fig. 8.
Although the descriptive patterns suggest more favorable evaluations of
the CoT chatbot, the Chi? tests revealed no statistically significant dif-
ferences for general positive evaluations (y*(1) = 2.574, p = 0.109) or
useful knowledge (¥*(1) = 2.110, p = 0.146). However, there was a
strong and statistically significant effect regarding the evaluation of the
reasoning process (x*(1) = 14.524, p < 0.001). Moreover, the CoT
chatbot significantly reduced negative evaluations, including unspecific
answers (y*(1) = 6.136, p = 0.013), long or confusing answers (}*(1)
=16.300, p < 0.001), and technical or design issues (y*(1) = 5.206,
p = 0.023).

In sum, when comparing the two chatbot designs qualitatively, the
CoT chatbot received more favorable evaluations regarding its
reasoning structure and demonstrated significantly fewer negative re-
actions across. These findings suggest that participants value the CoT-
based reasoning and the this may enhance perceived clarity, trans-
parency, and answer quality while simultaneously reducing frustrations.

7. Discussion

This research integrates three complementary studies to explore the
development, evaluation, and user experience of CoT enhanced lan-
guage models in the context of sustainable consumption. In doing so, the
study introduces an innovative research protocol that systematically
links model optimization, experimental validation, and qualitative user
insights. This approach bridges the gap between technical AI develop-
ment and user-center behavioral research.

Study 1 demonstrated that fine-tuning the Qwen-2.5-3B-Instruct
model using GRPO significantly improved the model's ability to generate
structured, transparent reasoning chains. The technical metrics—spe-
cifically the stabilization of reward scores and controlled KL divergen-
ce—confirm that the model successfully adapted to the domain-specific
reasoning tasks without catastrophic forgetting. This provides important
evidence that parameter-efficient fine-tuning approaches can enhance
reasoning capabilities without compromising model stability, which is
critical for real-world deployment in resource-constrained
environments.

Study 2 provided causal evidence that interacting with this CoT-
enabled chatbot leads to higher perceived knowledge and stronger
behavioral intentions compared to a standard chatbot. The PLS-SEM
analysis supported all hypothesized mediating mechanisms, revealing
that CoT promotes effects of trust, transparency, usefulness, and
personalization, while simultaneously reducing cognitive load, percep-
tions of inefficiency, and privacy concerns. These findings demonstrate
that CoT does not merely improve perceptions of system performance
but fundamentally alters how users process, evaluate, and act upon
information.

Finally, Study 3 contextualized these findings, showing that users
qualitatively perceive the CoT reasoning as more helpful and less prone
to generating unspecific or confusing answers. This qualitative evidence
further reveals that structured reasoning helps users in navigating
complex, multi-criteria decisions.

Synthesizing these findings, we propose the following formal
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Fig. 8. Frequency of different evaluative criteria depending on type to chatbot.

propositions regarding the role of CoT in sustainable consumption
behavior. These propositions conceptualize CoT not merely as a tech-
nical feature, but as a behavioral intervention mechanism that shapes
how users interpret and act on Al-generated information.

Proposition 1. The technical enhancement of LLMs through GRPO-
based fine-tuning translates directly into superior behavioral outcomes
by bridging the gap between model capability and user comprehension.
Human-interpretable explanations help generate downstream behav-
ioral effects.

Proposition 2. Transparency in Al reasoning functions as a primary
driver of sustainable behavior adoption, where the cognitive cost of
processing detailed explanations is offset by the gains in trust and
perceived utility. Users accept increased informational effort when it
yields higher epistemic value.

Proposition 3. The efficacy of generative AI in behavioral change is
contingent upon a dual mechanism where technical reasoning quality
(backend) and perceived user-friendliness (frontend) must be optimized
simultaneously.

7.1. Theoretical contributions and implications

This study makes several significant contributions to the literature on
explainable AlI, information systems, and sustainable consumer
behavior.

First, this study advances the theoretical boundaries of human-
computer interaction by resolving the intellectual puzzle introduced
by CoT reasoning. Traditionally, foundational frameworks such as the
TAM and the IS Success Model have operated on a linear assumption:
increased information quality and transparency directly equate to
higher perceived usefulness and ease of use (Davis, 1989; DeLone &
McLean, 2003). Our findings challenge this deeply rooted assumption by
proving that in generative Al transparency is paradoxical. Building on
prior research on information overload, explainability-usability
trade-offs and the personalization privacy calculus (Awad et al., 2006;
Dinev & Hart, 2006; Hoffmann et al., 2022b), we introduce a critical
nuance to XAl literature by demonstrating that CoT reasoning activates
competing psychological mechanisms—acting simultaneously as a pro-
moter (enhancing trust and perceived knowledge) and a potential in-
hibitor (elevating cognitive load and privacy concerns). Crucially, our
findings indicate that this paradox is not inherent to transparency per se,
but depends on how transparency is structured and presented.

Second, by positioning our findings within this scholarly conversa-
tion, we argue that future theoretical models of AI adoption must evolve
beyond descriptive, universally positive views of transparency. Instead,
adoption models must account for this duality. More importantly, our
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study points to boundary conditions under which transparency yields
positive versus negative outcomes. Critically, our findings reveal that in
high-involvement, normatively complex domains like sustainability,
this paradox is resolved: when decisions involve uncertain trade-offs,
CoT reasoning serves as a cognitive scaffold rather than a burden. It
simultaneously adds information volume yet reduces interpretive
complexity. This clarifies an ongoing debate in XAl literature (Chromik
etal., 2021; Schneider & Handali, 2019), proving that the net effect of Al
transparency is positive only when the reasoning is explicitly structured
to guide users through domain-relevant trade-offs.

Third, our study bridges a critical gap between system explainability
and user understanding (Doshi-Velez & Kim, 2017; Hoffman et al., 2018;
Meske et al., 2022). Much XAI research evaluates explanations using
computational metrics or expert assessments, yet few studies examine
whether explanations improve end-user knowledge and behavioral
outcomes (Poursabzi-Sangdeh et al., 2021). By integrating behavioral
experimentation with model development, this study extends prior work
by demonstrating that explainability can serve as a mechanism for
learning, persuasion, and decision support. We demonstrate empirically
that CoT reasoning enhances not only perceived transparency but also
users' knowledge acquisition and behavioral intentions—showing that
XAI benefits extend beyond trust calibration to include substantive
cognitive gains. This positions explainable AI as an active driver of
behavioral outcomes rather than merely a tool for model inspection.

Fourth, we contribute to consumer behavior research by establishing
a causal link between Al-mediated reasoning and sustainable behavioral
intentions. Our findings suggest that conversational agents employing
structured reasoning can bridge the attitude-behavior gap (Carrington
et al.,, 2010) by enhancing perceived knowledge through explicit
trade-off articulation, which reduces decision uncertainty and
strengthens behavioral intentions. In this sense, CoT reasoning functions
as a form of decision justification, enabling consumers to rationalize and
commit to sustainability-oriented choices (Kaiser & Briiggemann, 2025).
This extends the SHIFT framework (White et al., 2019) by identifying
Al-enabled reasoning transparency as a tool for supporting behavior
change in complex decision contexts.

In summary, this study's core theoretical contribution lies in expli-
cating the psychological mechanisms through which reasoning trans-
parency operates in complex decision contexts and demonstrating that
these mechanisms differ systematically based on domain character-
istics—advancing both explainable Al research and information systems
scholarship. By demonstrating how structured Al reasoning simulta-
neously influences cognitive processing, trust formation, and behavioral
intentions, this research advances a new perspective on Al systems as
behavioral intervention technologies in complex decision environments.
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7.2. Implications for practice

The findings offer actionable insights for developers, policymakers,
and sustainability advocates. These implications highlight that the value
of CoT lies not only in improving model performance but in shaping user
cognition and decision-making processes.

The novelty and originality of these findings translate directly into
practical benefits for Al system developers and UI/UX designers’ com-
munity. Based on our data analysis, which confirms that CoT signifi-
cantly increases perceived knowledge and behavioral intentions,
organizations deploying Al for complex domains should transition away
from opaque 'black-box' recommendations. The primary benefit of our
study is providing empirical validation that designing conversational
agents with explicit, step-by-step reasoning structures (the 'glass-box'
approach) actively mitigates user uncertainty and drives sustainable
behavioral adoption.

For AI Developers and Engineers: The study validates the use of
parameter-efficient fine-tuning techniques (GRPO with LoRA) to
enhance reasoning capabilities in smaller models. Developers should
prioritize the generation of high-quality, domain-specific synthetic data
(as done in Study 1) to train models that can "show their work." This is
particularly relevant for deploying efficient Al solutions on edge devices
where massive models are impractical.

For Policymakers and NGOs: The strong positive effect of CoT on
behavioral intentions suggests that Al chatbots can be powerful tools for
public education. Organizations aiming to promote sustainable lifestyles
should deploy conversational agents that are transparent about their
sources and reasoning logic. Rather than providing static tips, these tools
should be designed to explain the environmental impact of specific
choices, thereby fostering greater user trust and knowledge retention. At
the same time, the persuasive power of structured reasoning raises
important ethical considerations. Policymakers should therefore ensure
that such systems adhere to principles of responsible Al, including
transparency, accountability, and non-manipulative design, as trans-
parency does not inherently guarantee neutrality (Papagiannidis et al.,
2025).

For UX/UI Designers: The dual presence of promoters and inhibitors
highlights a critical design challenge. While users value transparency,
the potential for cognitive load and privacy concerns must be managed.
Designers should implement "progressive disclosure" interfaces where
the CoT reasoning is available but not overwhelming—perhaps offered
as an expandable option. Interfaces could be developed in such a way
that they allow users to personalize the level of explanation detail,
enabling adaptive explainability based on user preferences and exper-
tise. Furthermore, addressing privacy concerns through clear data usage
policies and "local-only" processing options could further enhance
adoption. More broadly, explainability should be treated as an interac-
tive design feature rather than a static system output.

8. Conclusions, limitations, and future research
8.1. Conclusions

This research successfully demonstrates that fine-tuning language
models for reasoning is a viable and effective strategy for promoting
sustainable consumption behavior. By combining rigorous technical
optimization (Study 1) with robust behavioral testing (Study 2) and
qualitative validation (Study 3), we show that CoT-enabled chatbots do
more than just answer questions—they educate and persuade. The
transition from a "black box" to a "glass box" model fosters trust, en-
hances perceived usefulness, and ultimately drives users toward more
sustainable choices. The study provides a holistic blueprint for
leveraging advanced Al to address critical societal challenges.

In summary, this study's core theoretical contribution lies in expli-
cating the psychological mechanisms through which reasoning trans-
parency operates in complex decision contexts and demonstrating that
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these mechanisms differ systematically based on domain character-
istics—advancing both explainable Al research and information systems
scholarship.

8.2. Limitations and future research direction

Despite its contributions, this study has limitations that open ave-
nues for future research. First, the sample for the behavioral studies
(Study 2 and 3) consisted primarily of IT specialists. While this group is
knowledgeable about technology, they may possess higher need for
cognition and lower technology anxiety than the general population.
Future research should replicate the experiment with a broader, more
representative sample of consumers to validate the generalizability of
the findings.

Second, the study focused on a specific model architecture (Qwen-
2.5-3B) and a specific domain (sustainable consumption). The findings
are therefore likely to generalize most directly to comparable decision-
support contexts characterized by uncertainty, value-laden trade-offs,
and multi-criteria decision-making, where users may benefit from
transparent explanations and structured reasoning. Future studies could
investigate whether the benefits of GRPO fine-tuning and CoT reasoning
extend to other critical domains, such as healthcare (Bocking et al.,
2022; Goel et al., 2024) or financial planning (Koskelainen et al., 2023).
Given that sustainability decisions are inherently moral and
high-involvement, future research should also examine whether the
observed benefits of CoT are generalizable to low-involvement, routine,
time-sensitive, or hedonic consumption contexts, where detailed
reasoning may be less relevant or even perceived as inefficient (Longoni
& Cian, 2022). In addition, future research should examine key
moderating variables, such as Al literacy, domain involvement, decision
complexity, and cultural context, to better understand for whom and
under which conditions CoT is most effective (Husairi & Rossi, 2024;
Mogaji & Jain, 2024; Schweidel et al., 2022). From a more methodo-
logical point of view, future studies could also test whether they hold
across different model sizes, architectures, chatbot interfaces, and
deployment settings.

Third, the behavioral intentions measured in Study 2 are self-
reported. While intention is a strong predictor of behavior, it is not a
perfect proxy. Future research should employ longitudinal designs or
field experiments to track actual behavioral changes over time, such as
verifying if users actually purchase eco-friendly products or reduce their
energy consumption following the chatbot interaction. Such designs
have been proven as fruitful to test influences of digital tools on sus-
tainable consumption behavior (e.g., longitudinal studies: Lasarov et al.,
2024, field experiments: Hoffmann et al., 2022b) and they should be
applied with regard to XAI as well.

Fourth, future research should also employ longitudinal study de-
signs to test how the cognitive friction and privacy concerns associated
with 'glass-box' transparency evolve over time. In particular, future
studies should investigate how repeated exposure to CoT reasoning af-
fects user behavior over time, including potential habituation effects,
automation bias, or diminishing marginal returns. It is plausible that as
users build habituation and familiarity with explicit CoT reasoning
structures, the initial cognitive load may decrease, further altering the
delicate balance between the promoters and inhibitors of Al adoption.

Finally, future research should explore the potential "dark side" of
CoT reasoning. This includes psychological vulnerabilities such as user
overreliance on Al-generated rationales, the illusion of understanding,
and the critical risk of persuasive but fundamentally flawed explana-
tions. To mitigate these adverse effects and better align model outputs
with human cognitive processing, we propose the exploration of Group
Relative Sequence Optimization (GSPO) as a conceptual and technical
advancement over current GRPO approaches. While GRPO traditionally
optimizes reasoning based on relative outcome rewards within a group
of generated responses, GSPO would explicitly optimize the structural
logic, coherence, and safety of the reasoning sequence itself. By shifting
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the algorithmic focus to sequential integrity, GSPO could significantly
reduce the generation of misleading rationales, ensuring that "glass-box"
Al models remain both computationally robust and psychologically safe
for users navigating complex decision environments.
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Figure Al. Training dynamics of GRPO fine-tuning for sustainable consumption reasoning model (Source: Authors' own work)
Table Al
Progressive performance metrics across GRPO fine-tuning phases for sustainable consumption reasoning enhancement
Performance Metric Early Phase(Steps 1-50) Mid Phase(Steps 51-150) Final Phase(Steps 151-300)
Reward Score (Mean + SD) -1.35 £ 0.26 -0.11 + 0.08 0.94 +0.18
Training Loss 0.0001 £ 0.0002 0.012 + 0.004 0.0036 £ 0.0008
KL Divergence 0.00002 + 0.00001 0.32 £ 0.15 0.088 + 0.022
Completion Length (tokens) 290.1 + 65.3 107.4 +18.5 207.8 +28.4
Strict Format Reward 0.000 0.125+0.177 0.456 + 0.058
Reward Standard Deviation 0.264 + 0.089 0.105 + 0.048 0.312 + 0.285
Gradient Norm ~0.0001 0.011 + 0.004 0.0038 + 0.0009
Learning Rate (x107) 5.0 32+1.1 0.8 £0.6

Note: Training employed GRPO with LoRA (rank=64, alpha=64) over 300 steps, modifying 119.7 M of 3.09B parameters (3.99%); Configuration: AdamW-
8bit optimizer (Ir=5 x107°, f1=0.9, 2=0.99), cosine scheduling, batch size = 8, 8 generations per prompt.
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Appendix B. Comparative response analysis of regular and Fine-tuned Models on sustainable consumption query

Qwen2.5-3B-Instruct General Chatbot
a general chatbot powered by Quien2 5-38-Tnstruct to ans

Chatbot

How can transparency in environmental product claims at POS systems combat greenwashing and support informed decision-making?

Transparency in environmental product claims is crucial for combating greenwashing and supporting informed consumer decision-making. Here's how chieved through POS (Point of Sale

1. Clear and Consistent Labels:

Standardized Claims: Establishing clear, o r o ly identify products that genuinely meet certain environmental criteria. This could include

certifications such rgy Star, Fair Trade,

Consistency Across Products: £nsi v 3 stent and accurately reflect their actual environmental impact

2. Transparency in Product Information:
Detailed Environmental Footprint Data: Providing ation about the onmental impact of each product, including its carbon footprint, energy efficiency, water usage, and waste generation. This
data should

Comparative Analysis: Offering comparative analysis e ilar products to help consumers understand which option has the least negative environmental impact

3. Verification and Auditing:
Third-Party Verification: Impl ) where third-party organizatio J the environmental claims made by companies. This e the claims are credible and substant
Regular Audits: Conducting regular au nvironmental claims to ensure they remain valid over time and address any changes in production processes or materials u

4. Consumer Education:
Educational Resources: Providing consumers with educational resources about what different environmental claims mean and how they affect the environment. This includes simple explanations of terms like
arbon neutral," “sustainable;” and “eco-friendly.

Interactive Tools: Using interactive tools and apps within POS systems to help consumers make more informed choices based on their specific needs and value:

5. Data Privacy and Security:

Confidentiality: Ensuring that consumer d through POS systems is handled confidentially an |, 2curely, protecting consumer privacy while allowing for necessary data analy

(a). Regular (Base) Model (Qwen2.5-3B-Instruct) response with structured format (Source:
Authors' own work)

Enter your prompt about sustainable consumer behavior Model Response
S T ————
How can transparency in environmental product claims at POS systems combat greenwashing and support trust can translate into long-term business relationships. This is particularly beneficial for companies committed
to sustainability, as it can help them build a positive reputation and attract more environmentally conscious
consumers.

informed decision-making?

Additionally, transparent environmental claims can contribute to the development of a more sustainable market.
By providing clear information about the environmental performance of products, transparency can encourage
companies to improve their practices and innovate in sustainable ways. This can lead to a collective shift towards
more environmentally friendly production and consumption patterns.

Lastly, transparency at POS systems can facilitate regulatory compliance. Consumers and businesses can use
these claims to check whether a company is adhering to environmental regulations and standards. This not only
helps in maintaining market integrity but also in supporting environmental policies and guidelines.

<Jreasoning>

<answer>

Transparency in environmental product claims at POS systems is crucial for combating greenwashing and
supporting informed decision-making. It enables consumers to verify the veracity of environmental claims and
compare them across different products and brands, leading to a more equitable market environment.
Transparency can foster consumer trust and loyalty, encourage companies to adopt sustainable practices, and
contribute to regulatory compliance. Overall, transparent environmental claims at POS systems play a significant
role in building a sustainable and informed market.

Enter your prompt about sustainable consumer behavior Model Response

How can transparency in environmental product claims at POS systems combat greenwashing and support <reasoning>

informed decision-making? Transparency in environmental product claims at POS (Point of Sale) systems is crucial for combating
greenwashing and supporting informed decision-making because it ensures that consumers can easily verify the
veracity of environmental claims made by products. Greenwashing is a marketing strategy used by companies to
make their environmentally friendly practices more appealing to customers, while often misleading them about
the actual environmental impact of their products. By making environmental claims transparent, consumers can
make more informed choices. Transparency at POS systems also allows them to compare claims across different
products and brands, leading to a more equitable market environment where consumers feel confident that they
are making the best choices for the environment.

Moreover, transparent environmental claims at POS systems can lead to increased consumer trust and loyalty.
Consumers are more likely to support brands that are transparent about their environmental practices, as this
trust can translate into long-term business relationships. This is particularly beneficial for companies committed
to sustainability, as it can help them build a positive reputation and attract more environmentally conscious
consumers.

Additionally, transparent environmental claims can contribute to the development of a more sustainable market.
By providing clear information about the environmental performance of products, transparency can encourage
companies to improve their practices and innovate in sustainable ways. This can lead to a collective shift towards
more environmentally friendly production and consumption patterns.

(b). Fine-tuned model response with reasoning chain and summarized answer (Source: Authors'
own work)
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Appendix C. Web experiment (Screenshots) (Source: Authors' own work)

Sustainable Consumer Behavior Study

Participant Task and Survey

1. Instructions & Consent L (@ ] &) nnaire

Participant Task Description (Survey Instructions)
Welcome to the Sustainable Consumer Behavior App.

In the following, we have the possibility to interact with a chatbot that is designed to inform you about sustainable consumption.
You can enter any question about sustainable consumption and the chatbot will respond to you and give you explanations and
practical guidance.

Your task

Please ask questions and engage in a conversation with the chatbot about how everyday consumer choices affect the environment
— and what individuals can do to consume more sustainably.

You may ask anything related to:

* Choosing environmentally friendly products (e.g., food, clothing, packaging)
¢ Reducing waste, energy, or emissions in daily life
¢ The environmental impact of specific habits or products

Tips or guidance on adopting sustainable behaviors

(a). Home page (based on GitHub.io)

Consent to Participate

Although the study will not benefit you directly, we hope the information we learn will help improve the design of idea

evaluation platforms for improved idea selection in the future.

The risks associated with participating in this study are no greater than those encountered in daily life. There is a potential
risk of loss of confidentiality. Please do not include any sensitive or identifying information in the open question fields.

We will collect data from you, including responses to the survey questions and your evaluation choices. We do not collect
sensitive data. This data will be used to conduct statistical analyses and to publish the research findings in academic journals.

For your time and effort, you will be compensated. Participants who fail the attention check may be disqualified without
compensation.

If you have any questions, concerns, or feedback related to this study, please contact us.

I have read and understood the information above, and | voluntarily consent to participate in this research study.

(b). Consent form
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Sustainable Consumer Behavior Study
Participant Task and Survey

1. Instructions & Consent 2. Chatbot Interaction 3. Questionnaire

Chatbot Interaction

You will be redirected to the chatbot page

Starting in 3 seconds...

Thank you for contributing to our research

(c). Interaction page

Sustainable Consumer Behavior
Participant Task and Survey

1. Instructio onsent 22 (@ ot Interaction 3. Questionnaire

Questionnaire

Perceived knowledge

| know what makes consumption sustainable. *

(O strongly disagree
Disagree

Somewhat disagree
Neither agree nor disagree
Somewhat agree

Agree

O OOO0OO0O0

Strongly agree

(d). Survey page

Appendix D. Sample characteristics (N = 417)

Frequency Percent
Gender
Female 159 38.1
Male 258 61.9
Age
18-26 years 170 40.8
27-36 years 122 29.3
37-46 years 74 17.7
47-56 years 47 11.2
> 56 years 4 1.0
Education
TAFE (certificate, diploma or below) 122 29.3
Bachelor 137 329

(continued on next page)
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(continued)
Frequency Percent
Master 117 28.0
PhD / Doctorate 41 9.8

Appendix E. Measurement

Items Loading
Perceived knowledge
1 know what makes consumption sustainable. 0.755
I am aware of the impact my consumption choices have on the environment and society. 0.687
I know of practical ways to make my consumption more sustainable. 0.726
Behavioral intention
1 intend to make sustainable consumption decisions. 0.673
I plan to consume in a resource-conscious way. 0.693
I am willing to reduce my environmental footprint through my consumption behavior. 0.694
When I purchase something, I will consider how sustainable it is. 0.721
Perceived user friendliness
The chatbot’s interface is intuitive. 0.747
1 find the chatbot to be easy to use. 0.567
The chatbot is easy to control. 0.672
Perceived usefulness
Using the chatbot improves my understanding of sustainable consumption. 0.743
The chatbot provides me with useful information that I wouldn't be able to find on my own. 0.624
The chatbot offers practical guidance that is novel for me. 0.758
Personalized information
The chatbot’s personalized recommendations match my preferences and needs. 0.734
1 feel that chatbots understands my preferences and needs better than other sources of information. 0.763
1 value the personalized service that the chatbots provides and find it helpful when making consumption decisions. 0.618
Trust in chatbot
I trust that the chatbot will provide me with accurate and reliable information. 0.679
1 have trust in the chatbot's responses. 0.811
1 believe that the chatbot is a trustworthy source of information and advice. 0.712
Perceived transparency
The chatbot clearly explained how it arrived at its answers. 0.706
I understood the reasoning behind the chatbot’s responses. 0.731
The chatbot’s way of thinking was transparent to me. 0.699
Perceived cognitive overload
The chatbot’s explanation was so long that it made it hard for me to find the key information. 0.674
I felt mentally overloaded by the chatbot’s lengthy response. 0.682
I lost track of the important points because the chatbot provided too much detail. 0.713
Perceived inefficiency
The chatbot wasted my time by giving such a long explanation. 0.642
The response felt inefficient because it included too much information. 0.661
I could have found the answer faster without reading the entire explanation. 0.687
Privacy concerns
If I were to use the app, I would be concerned that personal information ...
... submitted could be misused. 0.778
... could be made available to unknown people or companies without my knowledge. 0.634
... could be inappropriately used. 0.671
Appendix F. Coding Scheme
Category Description Example 1 Example 2 Example 3
Positive User expresses satisfaction, Great experience and i like touse it ~ Using the chatbot created a new experience for Really good chatbot.
experience enjoyment, and generally positive in future. me that was enjoyable.
evaluation.
Useful User perceived the information as The answers were reliable and The chatbot was very useful to find novel waysto  Using this Chatbot help me to
knowledge novel, helpful or usable. useful to find better solutions. improve my practical actions to make better improve my knowledge about
decisions about my environmental effects. sustainablity in my life.
Helpful User comments positively on the I like that the <reasoning> tag It's fun to see how the chatbot reasons things out =~ Even when the reasoning is long,
reasoning reasoning process and structure of feels like a teacher explaining before giving the result the <answer> is short and
the answers. things step-by-step. straight to the point.
Unspecific User perceived the answers as too Kind of generic answers. Didn't give examples like I expected. Didn't really get what I was
answers generic, not specific and missing asking.
examples.
Long User feels that responses are too The chatbot's responses were very I like that but i prefer to see answers shorter and A little confusing.
answers long, repetitive, or confusing. long. highlight the main points.
Technical User expresses issues about slow Design of user interface can be The chatbot is so slow, I don't know why but it Sometimes the responses were
issues response speed, incomplete answers, more better. took lot of time to answer my questions. incomplete.

or design of the interface.
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Appendix G. Supporting information
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Supplementary data associated with this article can be found in the online version at doi:10.1016/j.ijinfomgt.2026.103075.

Data Availability

Data will be made available on request.
COT-Sustainable-Consumption-Behavior
repository)

(Hugging Face Data
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