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Business Artificial Intelligence (BAI) has become a key driver of organiza-
tional transformation, enabling advanced analytics, intelligent automation, and
data-driven strategic decision-making. However, despite rapid technological
progress, empirical research explaining how Al capability, algorithmic trans-
parency, and task—technology alignment collectively shape Sustainable Deci-
sion Intelligence (SDI) within real business environments remains limited. To
address this gap, this study introduces a novel BAI-SDI framework integrat-
ing Al Capability, Algorithmic Transparency, Task-Technology Fit (TTF), De-
cision Quality, and Sustainable Decision Intelligence as core constructs influ-
encing long-term strategic and sustainable decision outcomes. Using a quanti-
tative approach with Structural Equation Modeling—Partial Least Squares
(SEM-PLS), survey data were collected from 402 professionals working in Al-
integrated business sectors across Indonesia. The empirical results indicate
that Al Capability significantly enhances Task-Technology Fit, while Algorith-
mic Transparency strongly predicts Decision Quality, emphasizing the impor-
tance of interpretability and accountability in trust-driven decision processes.
Furthermore, Task-Technology Fit mediates the impact of Al Capability on De-
cision Quality, demonstrating that effective system-task alignment is essential
for maximizing organizational value. The findings provide theoretical advance-
ments by positioning SDI as an empirical extension of decision management
theory and offer practical guidance for implementing ethical, transparent, and
future-ready Al strategies within business environments. Overall, this study
contributes actionable insights for strengthening governance and accelerating
sustainable digital transformation in increasingly competitive and Al-driven de-
cision ecosystems.
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1. INTRODUCTION

The rapid evolution of Artificial Intelligence has profoundly transformed modern business operations.
Al systems ranging from machine learning engines, natural language processing tools, to intelligent automa-
tion platforms are enabling organizations to process information at unprecedented speed and scale. As global
markets become more dynamic and digitally interconnected, businesses increasingly rely on Al to enhance
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forecasting, optimize supply chains, detect operational anomalies, and support complex strategic decisions
[1, 2]. Recent studies in academic and educational settings show that Al tools significantly elevate user pro-
ductivity, decision-making accuracy, and task performance. Such studies emphasize factors such as technology
acceptance, perceived usefulness, task fit, and user satisfaction. Although educational research demonstrates
strong patterns of Al-driven productivity, limited research extends these insights directly into business decision-
making contexts where operational complexity, risk, and strategic implications are substantially higher [3].
While several cited studies originate from educational environments, their applicability to business strategy
remains limited due to differences in operational scale, accountability, and risk exposure. Therefore, this study
focuses specifically on business decision systems, addressing the gap in research that examines Al-driven de-
cision intelligence within real organizational environments where governance, transparency, and performance
are critical determinants of sustainable strategic value.

This gap highlights that findings derived from academic and educational settings cannot be directly
generalized to business environments because decision processes in corporate contexts involve greater uncer-
tainty, financial risk, regulatory accountability, and strategic consequences. Therefore, there is a critical need
to empirically examine how AI Capability, Algorithmic Transparency, and Task-Technology Fit jointly shape
Decision Quality within real operational settings. Unlike prior studies that focus on learning performance or
technology acceptance among students, this research investigates Al adoption and decision intelligence within
professional managerial environments, ensuring stronger contextual relevance and practical contributions for
business decision-making. Business organizations face several challenges when integrating Al into decision
processes. These challenges include inadequate Al readiness, lack of algorithmic transparency, concerns over
biases, unclear governance frameworks, and misalignment between Al tools and organizational tasks. Further-
more, although Al offers vast potential, organizations often struggle to determine whether their Al initiatives
truly contribute to decision quality and long-term organizational value [4].

This study aims to bridge these gaps by developing and validating a comprehensive model Sustainable
Decision Intelligence representing AI’s impact on long-term decision-making effectiveness. The model syn-
thesizes concepts of Al Capability, Algorithmic Transparency, Task-technology fit, and Decision Quality into
an empirical structure applicable to real-world business environments [5]. Unlike previous Al governance and
decision intelligence frameworks that predominantly analyze these constructs independently or without vali-
dated relational mechanisms, this study introduces an integrated Business Artificial Intelligence for Sustainable
Decision Intelligence (BAI-SDI) model that empirically demonstrates the mediating role of Task-Technology
Fit and formally establishes Sustainable Decision Intelligence as a new construct. Existing models remain
inadequate because they lack an empirically proven pathway explaining how Al capability translates into long-
term strategic decision resilience, organizational value sustainability, and decision intelligence maturity. This
research provides a differentiated and holistic framework addressing this theoretical gap through validated
structural relationships tested using SEM—-PLS.

1.1. Research Problem
Although AT adoption research is rapidly expanding, a clear research gap exists in studies that directly
analyze Al-driven decision systems within real business environments. Most prior work concentrates on edu-
cational or academic contexts, limiting relevance to organizational decision complexity. Therefore, this study
examines several critical unresolved issues related to Sustainable Decision Intelligence in business decision
workflows:
* How AI Capability translates into improved decision-making.

* How Algorithmic Transparency influences trust, acceptance, and quality of managerial decisions.
* The extent to which Task—Technology Fit facilitates sustainable long-term outcomes.

* Whether Decision Quality plays a mediating or direct role in sustainable business intelligence [6].

These problems demonstrate a substantial gap in understanding the mechanisms through which Al
contributes to sustainable organizational decision practices.
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1.2. Research Objectives
To address the identified problems, this research establishes the following objectives focused on ad-
vancing Al-supported decision intelligence in business settings:
» Develop a holistic Al decision intelligence framework tailored for business environments.

* Examine the relationships between Al Capability, Algorithmic Transparency, TTF, and Decision Quality
[7].

 Test mediation effects within the model using SEM-PLS.

* Provide theoretical contributions and managerial insights for sustainable Al adoption.

These objectives guide the empirical validation of Sustainable Decision Intelligence within practical
organizational decision ecosystems.

1.3. Significance of the Study
The significance of this study is grounded in its contribution to both theory and practice, particularly
in supporting Al-based strategic decision processes in modern business operations. This study contributes to
the literature by:
¢ Introducing Sustainable Decision Intelligence as a new construct.

* Empirically validating the alignment between Al readiness and decision outcomes.
* Providing actionable insights for improving Al governance and utilization.
* Bridging the research gap between Al adoption models and business strategy literature.

Thus, the findings provide a foundation for advancing sustainable digital transformation and strength-
ening responsible Al-driven decision-making frameworks.

2. LITERATURE REVIEW

2.1. Al Capability

Al Capability refers to an organization’s technical readiness, including its infrastructure, data ma-
turity, algorithmic sophistication, and human expertise. Organizations with stronger Al capability can auto-
mate workflows, generate high-quality predictions, and support more complex decision tasks. Al Capability
is traditionally associated with technology readiness and is a key driver of performance outcomes in digital
transformation [8].

In business settings, high Al Capability can improve operational efficiency, enhance analytical pro-
cesses, and accelerate decision cycles. It ensures that Al tools are stable, reliable, and scalable. Prior studies
have found that Al Capability helps individuals integrate technology into daily tasks more effectively, thereby
improving productivity and performance [9].

Hypothesis 1: AI Capability positively influences Task-Technology Fit.

2.2. Algorithmic Transparency
Algorithmic Transparency refers to the ability of Al systems to provide clear, understandable expla-
nations for predictions or decisions. Transparency includes:

» Explainable Artificial Intelligence (XAI),
* Traceability of data,
¢ Interpretability of model outputs,

* Visibility of decision rules.

TAIC Transactions on Sustainable Digital Innovation (ITSDI), Vol. 7, No. 1, October 2025: 106-116



TAIC Transactions on Sustainable Digital Innovation (ITSDI) a 109

Transparency fosters trust, reduces the perceived risk of Al systems, and improves user acceptance.
When Al decisions are explainable, users are more likely to rely on the system, leading to better collaboration
between humans and machines. In business contexts, transparency is also crucial for regulatory compliance
and ethical governance [10].

Hypothesis 2: Algorithmic Transparency positively influences Decision Quality.

2.3. Task-Technology Fit

Task-Technology Fit (TTF) measures the degree to which Al systems align with the requirements of
a specific task. TTF assesses whether Al tools provide functionalities that match the complexity, urgency, and
demands of managerial tasks. When Al aligns well with user needs, decision-making becomes more efficient,
error rates decrease, and workflow performance improves [11]. TTF is a central concept in IS research and has
strong empirical support in predicting technology utilization and performance outcomes.

Hypothesis 3: Task-Technology Fit positively influences Decision Quality.

2.4. Decision Quality

Decision Quality represents the degree to which managerial decisions are accurate, timely, relevant,
and strategically aligned with organizational objectives. High-quality decisions are essential in competitive
environments, and Al contributes to improving Decision Quality by providing real-time analytics, predictive
modeling, and automated insights. In this study, Sustainable Decision Intelligence (SDI) is operationalized as
a multidimensional construct that reflects the long-term strategic impact of high-quality decisions supported
by AL SDI captures the continuity and long-term stability of decision outcomes, the alignment of decisions
with organizational sustainability and ethical standards, and the capability to generate adaptive intelligence
that supports future-readiness in dynamic business environments. The construct measurement is based on
reflective indicators validated within the SEM—PLS analytical framework, demonstrating strong reliability (CR
= 0.92), convergent validity (AVE = 0.61), and a significant structural linkage to Decision Quality (5 = 0.63,
p < 0.001). These empirical results confirm SDI as a distinct and measurable extension of traditional decision
constructs, reinforcing its theoretical and practical contribution to sustainable business strategy. However,
decision quality depends not only on Al tools but also on how well these tools integrate with human judgment
[12, 13].

Hypothesis 4: Decision Quality positively influences Sustainable Decision Intelligence.

2.5. Mediating Role of Task-Technology Fit

Even if an organization possesses advanced Al capabilities, poor task alignment may hinder effective
usage. TTF is therefore hypothesized to mediate the relationship between Al Capability and Decision Quality
[14, 15].

Hypothesis 5: Task-Technology Fit (TTF) mediates the relationship between AI Capability and
Decision Quality.

3. CONCEPTUAL FRAMEWORK

The conceptual framework underlying this study illustrates the theoretical relationships among the
core constructs, as summarized in Table 1. The model proposes that Al Capability plays a foundational role
in enhancing Task-Technology Fit (TTF), which subsequently contributes to improved Decision Quality. Ad-
ditionally, Algorithmic Transparency is expected to directly strengthen decision-making performance by fos-
tering trust and clarity in Al-driven outputs. Furthermore, Decision Quality is theorized to drive Sustainable
Decision Intelligence, reflecting the long-term strategic value derived from accurate and reliable organizational
decision processes. Finally, the framework incorporates a mediation pathway, suggesting that the influence of
Al Capability on Decision Quality operates indirectly through TTF, emphasizing the importance of alignment
between technological functionality and task requirements [16].
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Table 1. Conceptual Framework Relationships
Relationship Description
Al Capability — Task-Technology Fit Direct effect of Al Capability on TTF
(TTF)
Algorithmic Transparency — Decision Direct effect on decision outcomes

Quality

Task-Technology Fit (TTF) — Decision Effect of alignment between task and technology
Quality

Decision Quality — Sustainable Decision Influence of decision performance on SDI

Intelligence

Mediation Path Al Capability — TTF — Decision Quality (Mediated re-

lationship)

4. METHODOLOGY

4.1. Research Design

This study employs a quantitative design using SEM-PLS, suitable for predictive modeling and theory
development. SEM-PLS is particularly effective in analyzing complex models with multiple latent variables
and mediation pathways [17, 18].

4.2. Sample and Data Collection

A purposive sampling method targeted professionals who actively use Al in daily business opera-
tions. Data were collected from 402 respondents across industries including manufacturing, financial services,
telecommunications, and supply chain management [19].

4.3. Measurement Instrument
The survey included 32 items measured using a 7-point Likert scale. Constructs were adapted from
validated prior studies and refined for business Al contexts [20].

4.4. Data Analysis Procedures
Data analysis followed two steps:

Table 2. Model Evaluation Criteria

Evaluation Type Criteria
Outer Model Evaluation Convergent validity (AVE > 0.5)

Composite Reliability (> 0.7)

Factor loadings (> 0.7)

Discriminant validity (Fornell-Larcker, HTMT)
Inner Model Evaluation R? and Q?

Path coefficients

Bootstrapping (5000 subsamples)

Mediation analysis

Following the establishment of the conceptual framework, the data analysis was carried out using a
two-stage SEM—PLS analytical procedure, as outlined in Table 2. The first stage comprised the assessment of
the outer measurement model, aimed at validating the reliability and construct validity of the measurement indi-
cators through the evaluation of convergent validity, composite reliability [21], factor loadings, and discriminant
validity based on the Fornell-Larcker criterion and the HTMT ratio. The second stage involved the assessment
of the inner structural model, where explanatory power was examined using R? and Q? values, followed by the
evaluation of path coefficients and the estimation of statistical significance through a bootstrapping procedure
consisting of 5000 subsamples. In addition, mediation analysis was conducted to examine the indirect effects
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within the model, thereby ensuring a rigorous and comprehensive evaluation of the hypothesized theoretical
relationships [22].

5. RESULT AND DISCUSSION
The empirical results offer evidence supporting the robustness of the proposed framework and high-
light the influence of Al capability and transparency on sustainable decision-making in business settings.

5.1. Outer Model Assessment

All factor loadings ranged from 0.72-0.89, indicating strong indicator reliability. Composite reliabil-
ity values ranged from 0.84-0.94, exceeding threshold standards. AVE values were above 0.54 for all constructs
[23].

HTMT values were below 0.85, confirming discriminant validity.

5.2. Inner Model Assessment
The evaluation of the inner structural model demonstrates strong explanatory power and predictive
validity of the proposed framework. The results are summarized as follows:

* R? for Decision Quality = 0.57, indicating moderate to substantial explanatory power, meaning that
57% of the variance in Decision Quality is explained by AI Capability, Algorithmic Transparency, and
TTF [24, 25].

+ R? for Sustainable Decision Intelligence (SDI) = 0.62, demonstrating strong predictive capability,
signifying that Decision Quality serves as a meaningful predictor of long-term sustainable intelligence
within business decision environments [26].

* (2 values for all constructs exceeded 0.15, confirming predictive relevance and supporting that the struc-
tural model has the ability to predict indicators beyond the sampled data.

» Standardized Root Mean Square Residual (SRMR) = 0.062, which is below the acceptable thresh-
old of 0.08, indicating a well-fitted model and suggesting that the discrepancies between predicted and
observed correlations are minimal [27].

These findings collectively affirm that the inner model exhibits strong predictive strength, structural
stability, and statistical adequacy, validating the hypothesized theoretical relationships within the research
framework [28].

5.3. Hypothesis Testing
All hypotheses were supported:

Table 3. Path Coefficients Results

Path Coefficient (53) p-value
Al Capability — TTF 0.49 < 0.001
Algorithmic Transparency — Decision Quality 0.38 < 0.001
TTF — Decision Quality 0.41 < 0.001
Decision Quality — Sustainable Decision Intelli- 0.63 < 0.001
gence (SDI)

Mediation: AI Capability — TTF — Decision Significant
Quality

The hypothesis testing results presented in Table 3 empirically validate the theorized relationships
within the proposed model [29]. The significant effect of Al Capability on TTF (5 = 0.49, p < 0.001)
supports prior research suggesting that organizational Al readiness and infrastructure are fundamental drivers
of technology—task alignment. Likewise, the significant influence of Algorithmic Transparency on Decision
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Quality (5 = 0.38, p < 0.001) aligns with theoretical perspectives emphasizing the role of explainability and
trust in enhancing Al-supported decision-making. The positive effect of TTF on Decision Quality (5 = 0.41,
p < 0.001) further reinforces the Task-Technology Fit theory, asserting that performance outcomes are maxi-
mized when technology capabilities are closely aligned with task demands. Additionally, the strong influence
of Decision Quality on SDI (5 = 0.63, p < 0.001) demonstrates that high-caliber decision processes form the
foundation for sustainable and future-oriented decision intelligence. Finally, the confirmed mediation effect
of TTF indicates that Al Capability improves decision outcomes indirectly through effective task alignment,
suggesting that technology readiness alone is insufficient without strategic integration into organizational work-
flows [30, 31, 32].

6.  DISCUSSION

The findings of this study provide strong empirical evidence that Al Capability constitutes the fun-
damental building block of successful business Al integration. Organizations with mature Al infrastructures,
robust data ecosystems, and well-established analytical workflows demonstrate significantly stronger align-
ment between technological functionalities and managerial task demands. This alignment [33, 34], reflected
through Task-Technology Fit, highlights that high-performing Al systems are not merely defined by sophisti-
cated algorithms, but by the degree to which these algorithms support actual decision-making processes. The
results illustrate that when Al systems seamlessly integrate into existing workflows predicting market behavior,
optimizing operations, or providing real-time insights decision-makers experience greater confidence, reduced
uncertainty, and improved analytical clarity. This relationship reinforces the idea that Al readiness is not a
static attribute but an evolving organizational capability that must be continuously strengthened [35, 36].

Al Capability > Tgr?ggetlr:g::gy
Tec-kl;?\?)ﬁ;gy Decision
Fit (TTF) Quality
Sustainable
Decision ——

Intelligence

Figure 1. Empirically validated structural model of Business Al for Sustainable Decision Intelligence

The visual representation in Figure 1 illustrates the validated relationships among AI Capability, Al-
gorithmic Transparency, Task-Technology Fit, Decision Quality, and Sustainable Decision Intelligence, high-
lighting the mediating pathway through TTF [37, 38, 39].

Algorithmic Transparency also emerged as a critical factor influencing Decision Quality. In modern
business environments, where Al is frequently used to support high-stakes decisions, transparency functions as
the cornerstone of trust and reliability. The findings reveal that when users understand how AI models reach
particular conclusions whether through explainable visualizations, interpretable rules [2, 40], or traceable data
flows they are more likely to rely on these tools and integrate their recommendations into strategic actions.
Transparency not only mitigates concerns surrounding accountability and ethical risks but also enhances psy-
chological acceptance among decision-makers who may otherwise perceive Al outputs as opaque or arbitrary.
Beyond these empirical findings, the influence of Algorithmic Transparency on Decision Quality can be ex-
plained through trust formation and risk perception theory. When Al systems provide clear and interpretable
explanations, users develop cognitive trust by understanding and validating decision rationales, reducing per-
ceived uncertainty and risk. Improved interpretability strengthens both cognitive and affective trust, increasing
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reliance on Al-supported decisions in high-stakes contexts and ultimately enhancing Sustainable Decision Intel-
ligence outcomes. As Al becomes increasingly embedded in core operations such as credit scoring, forecasting,
and risk detection, the need for transparent, explainable, and auditable Al systems becomes more pressing and
central to business performance.

Furthermore, the results reveal that Sustainable Decision Intelligence is strongly shaped by Decision
Quality, indicating that high-quality decisions represent the pathway through which Al influences long-term
organizational outcomes. The strength of this relationship demonstrates that AI’s impact extends beyond imme-
diate efficiency gains; it influences the broader strategic resilience, adaptability, and sustainability of decision
processes. Decision-makers who leverage Al effectively show higher levels of accuracy, faster response times,
and more consistent alignment with organizational goals. The confirmation of the mediating effect of Task-
Technology Fit underscores the importance of design alignment: even the most advanced Al systems fail to
deliver value if they do not match user needs or task characteristics. This mediation effect broadens theoretical
discussions on Al adoption by illustrating that capability alone is insufficient without workflow compatibility,
offering a more holistic understanding of how Al contributes to sustainable organizational intelligence.

7. MANAGERIAL IMPLICATIONS

The results of this study emphasize the need for organizations to prioritize the development of Al Ca-
pability through long-term investment in infrastructure, data governance, and workforce skills. Managers must
not only adopt Al tools but also cultivate internal competencies that allow these tools to operate effectively.
This includes fostering cross-functional collaboration between data engineers, decision-makers, and system
designers to ensure that Al functionalities match practical business requirements. When organizations estab-
lish a strong foundation for Al readiness, they are better positioned to achieve alignment between technology
and tasks, ultimately enhancing the quality and reliability of strategic decisions. Additionally, the insights on
Algorithmic Transparency highlight the necessity for companies to adopt explainability frameworks, particu-
larly as industries face increasing regulation and public scrutiny regarding fairness, accountability, and ethical
Al use.

The implications further suggest that sustainable deployment of Al requires a holistic approach that
integrates technological, human, and organizational dimensions. Decision-makers should encourage a cul-
ture that welcomes Al-assisted judgment while maintaining human oversight. Training programs that help
employees understand Al outputs and interpret model behaviors will reduce resistance and increase effective
utilization. Organizations must also design Al systems with user-centered principles, ensuring that tools are
intuitive, context-specific, and seamlessly embedded within business workflows. By approaching Al adoption
not as a standalone technological upgrade but as a strategic transformation program, businesses can maximize
value creation, reduce operational risks, and strengthen long-term decision intelligence.

8. CONCLUSION

This study provides a comprehensive empirical model explaining how Business Artificial Intelligence
enhances Sustainable Decision Intelligence through the integrated effects of Al Capability, Algorithmic Trans-
parency, Task-Technology Fit, and Decision Quality. The findings highlight that AI’s effectiveness is not merely
dependent on technological sophistication but on the degree to which these systems align with organizational
tasks and decision-making needs. Al Capability is shown to be a foundational requirement for effective inte-
gration, while Algorithmic Transparency plays a crucial role in establishing trust and acceptance, ultimately
enabling decision-makers to rely on Al-generated insights with greater confidence.

The confirmation of Task-Technology Fit as both a significant predictor and mediator provides mean-
ingful theoretical advancement. It reveals that organizations must go beyond simply acquiring Al technologies;
they must ensure that these technologies integrate meaningfully into operational workflows and strategic pro-
cesses. This study’s framework introduces Sustainable Decision Intelligence as a forward-looking construct
that captures not only immediate decision improvements but the long-term stability, resilience, and sustainabil-
ity of data-driven decisions. Consequently, the research extends existing literature by offering a holistic model
that blends technical, human, and strategic dimensions of Al utilization.

Overall, the study underscores the transformative potential of Al in shaping the future of organi-
zational decision-making. By validating the interplay between capability, transparency, task alignment, and
decision performance, this research provides actionable insights for business leaders seeking to maximize the




114 a E-ISSN: 2715-0461 P-ISSN: 2686-6285

impact of Al adoption. The findings advocate for responsible, transparent, and well-integrated Al systems
as a necessary foundation for achieving sustained decision quality and organizational competitiveness. Fu-
ture research may extend this model across industries, explore longitudinal impacts, and incorporate emerging
generative Al architectures to deepen understanding of how advanced Al reshapes strategic decision ecosys-
tems, as well as examine ethical Al governance and regulatory accountability challenges that influence trust,
transparency, and responsible deployment within real business decision workflows.
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