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ABSTRACT

The rapid adoption of Artificial Intelligence (AI)-enabled Intelligent Decision
Support Systems (IDSS) has transformed decision-making across multiple sec-
tors. However, increasing AI complexity often limits users’ understanding of
recommendation processes, creating challenges for responsible human-AI in-
teraction. Existing studies mainly emphasize explainability and transparency
from technical perspectives while providing limited evidence regarding their
influence on responsible interaction and decision quality. This study inves-
tigates the effects of Perceived Explainability and Perceived Transparency on
Responsible Human-AI Interaction and Decision Quality, including the mediat-
ing role of Responsible Human-AI Interaction. Grounded in the Human-AI
Teaming perspective and the Responsible AI Framework, this quantitative study
employs a survey of 180 respondents with experience using AI-enabled Intel-
ligent Decision Support Systems. Data will be analyzed using Partial Least
Squares Structural Equation Modeling (PLS-SEM). The study is expected to
demonstrate that explainability and transparency strengthen responsible human-
AI interaction, which subsequently enhances decision quality. These findings
are expected to enrich responsible AI literature and provide practical guidance
for designing transparent, human-centered Intelligent Decision Support Systems
that promote trustworthy decision-making and reinforce the humanistic values
underpinning intelligent technologies.
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1. INTRODUCTION
Artificial Intelligence (AI) has evolved into a strategic technology that supports decision-making

across healthcare, education, finance, manufacturing, public services, and business. Intelligent Decision Sup-
port Systems (IDSS) powered by machine learning and generative AI enable organizations to process complex
information, generate recommendations, and improve decision efficiency. Rather than replacing humans, AI
increasingly functions as a collaborative partner that augments human judgment and cognitive capabilities [1].
However, many AI-driven decision support systems remain ”black-box” models, limiting users’ ability to un-
derstand, evaluate, and effectively collaborate with AI-generated recommendations [2, 3]. As AI becomes
more prevalent in high-stakes decision environments, enabling meaningful human-AI interaction has become
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essential for responsible and human-centered intelligent systems.
To address these limitations, Explainable Artificial Intelligence (XAI) aims to provide understandable

explanations of how AI generates predictions and recommendations, while transparency emphasizes openness
regarding data, model behavior, decision logic, and system limitations [4]. Together, these principles are ex-
pected to reduce uncertainty and support human involvement in AI-assisted decision-making. Nevertheless,
prior studies have primarily focused on algorithmic interpretability, technical performance, user acceptance,
and trust in AI [5, 6]. Consequently, limited attention has been given to how explainability and transparency
jointly facilitate responsible human-AI collaboration and improve decision outcomes within Intelligent Deci-
sion Support Systems [7].

Human-AI Teaming suggests that AI-assisted decision-making should be evaluated not only by tech-
nological performance but also by the quality of collaboration between humans and AI. Similarly, the Respon-
sible AI Framework emphasizes explainability and transparency as essential principles for accountable and
human-centered AI [8]. Despite these complementary perspectives, empirical studies integrating them remain
limited, particularly in examining how Perceived Explainability and Perceived Transparency influence Respon-
sible Human-AI Interaction and subsequently improve Decision Quality [9]. This gap highlights the need for a
comprehensive model explaining the collaborative mechanisms underlying AI-assisted decision-making.

Accordingly, this study develops and empirically tests a conceptual model integrating Human-AI
Teaming and the Responsible AI Framework. Specifically, it examines the effects of Perceived Explainability
and Perceived Transparency on Responsible Human-AI Interaction, investigates the influence of Responsi-
ble Human-AI Interaction on Decision Quality, and evaluates its mediating role in the relationships between
Perceived Explainability, Perceived Transparency, and Decision Quality within Intelligent Decision Support
Systems [10].

This study contributes theoretically by integrating Human-AI Teaming and the Responsible AI Frame-
work into a unified model explaining collaborative AI-assisted decision-making. Practically, the findings pro-
vide guidance for AI developers, organizations, and policymakers in designing transparent, explainable, and
human-centered AI systems that promote responsible decision-making and improve decision quality [11]. Ul-
timately, this research supports the development of AI systems that combine technical excellence with mean-
ingful human-AI collaboration and positive human-centered outcomes [12].

2. LITERATURE REVIEW
2.1. Human-AI Teaming

Human-AI Teaming is a contemporary theoretical perspective explaining how humans and AI collabo-
rate through complementary cognitive capabilities. Unlike conventional human-computer interaction, it views
AI as an intelligent teammate that supports human reasoning while humans retain responsibility, judgment,
and control over final decisions [13]. Effective Human-AI Teaming is characterized by mutual understand-
ing, continuous interaction, transparency, and shared decision-making, allowing AI to augment rather than
replace human capabilities. Consequently, AI-supported decision-making depends not only on algorithmic
performance but also on the quality of human-AI collaboration.

Within IDSS, Human-AI Teaming provides the theoretical foundation for explaining how AI char-
acteristics influence collaborative decision-making outcomes. Effective collaboration requires users to under-
stand AI-generated recommendations, interact responsibly with intelligent systems, and produce high-quality
decisions. Therefore, this study adopts Human-AI Teaming as the grand theory to explain how Responsible
Human-AI Interaction connects Explainable AI characteristics with Decision Quality [14, 15].

2.2. Responsible AI Framework
Responsible AI Framework provides a comprehensive foundation for developing AI systems that are

ethical, transparent, accountable, and aligned with human values. International organizations, including the
OECD, NIST, and the European Commission, consistently emphasize that AI systems should not only demon-
strate high technical performance but also ensure that users understand how AI-generated decisions are pro-
duced and can interact with AI responsibly [16]. Among the various principles proposed within the Responsible
AI Framework, Explainability and Transparency have received considerable attention because they directly in-
fluence users’ understanding of AI recommendations and support responsible human-AI collaboration during
decision-making.
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Considering the objectives of this study, Explainability and Transparency were selected as the primary
dimensions of Responsible AI because both principles are closely associated with users’ perceptions when
interacting with Intelligent Decision Support Systems. Explainability enables users to understand the reasoning
underlying AI-generated recommendations [17], whereas Transparency allows users to perceive the openness of
AI regarding its processes, information, and operational limitations. The relationship between the Responsible
AI Framework in Figure 1 and the proposed research constructs is presented in Table 1.

Figure 1. Research Framework

Figure 1 presents the theoretical framework underpinning this study by integrating Human-AI Team-
ing as the grand theory with the Responsible AI Framework as the supporting theory. Human-AI Teaming
explains that effective collaboration between humans and AI depends on active human involvement, shared
decision-making, and complementary cognitive capabilities to achieve superior decision outcomes. Mean-
while, the Responsible AI Framework provides the normative principles that ensure AI systems are designed
and deployed responsibly, particularly through Explainability and Transparency, which enable users to under-
stand AI-generated recommendations and interact with intelligent systems more effectively. By integrating
these two theoretical perspectives, this study proposes that Explainability and Transparency facilitate Respon-
sible Human-AI Interaction, which subsequently contributes to improving Decision Quality within Intelligent
Decision Support Systems [18]. Consequently, the theoretical framework establishes the conceptual foundation
for developing the research model and formulating the proposed hypotheses.

Table 1. Mapping of Research Constructs Based on Theoretical Foundations
Research Con-
struct

Underlying Theory Conceptual Role Position in
This Study

Perceived Explain-
ability

Responsible AI
Framework

Users’ perception of AI’s
ability to provide under-
standable explanations

Independent
Variable (X1)

Perceived Trans-
parency

Responsible AI
Framework

Users’ perception of the
openness of AI processes
and decision information

Independent
Variable (X2)

Responsible
Human-AI In-
teraction

Human-AI Teaming Responsible collaboration
between humans and AI
during decision-making

Mediating
Variable (Z)

Decision Quality Human-AI Teaming Effectiveness and quality
of decisions resulting from
human-AI collaboration

Dependent
Variable (Y)

Table 1 demonstrates that this study integrates two complementary theoretical perspectives. The Re-
sponsible AI Framework provides the conceptual foundation for Perceived Explainability and Perceived Trans-
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parency, while Human-AI Teaming explains how these AI characteristics facilitate Responsible Human-AI
Interaction and ultimately improve Decision Quality. This theoretical integration establishes the basis for de-
veloping the proposed research model and hypotheses. Furthermore, the mapping clarifies the conceptual role
of each construct within the research model, distinguishing the independent, mediating, and dependent vari-
ables. This alignment ensures that the proposed relationships are theoretically grounded and provides a clear
foundation for empirical hypothesis testing.

2.3. Research Constructs and Hypothesis Development
Perceived Explainability refers to users’ perception that an AI system provides understandable and

meaningful explanations regarding how its recommendations or decisions are generated. Explainable AI im-
proves users’ understanding of AI reasoning, reduces uncertainty, and supports more effective collaboration
with intelligent systems [19]. From the Human-AI Teaming perspective, users who understand AI reason-
ing are more likely to engage in responsible collaboration during decision-making. Therefore, the following
hypothesis is proposed:

H1: Perceived Explainability positively influences Responsible Human-AI Interaction in Intelligent
Decision Support Systems.

Perceived Transparency represents users’ perception of the openness of AI systems in communi-
cating decision processes, information sources, and operational limitations. Such openness enables users to
critically evaluate AI recommendations and interact responsibly throughout the decision-making process [20].
Accordingly, greater perceived transparency is expected to encourage Responsible Human-AI Interaction.

H2: Perceived Transparency positively influences Responsible Human-AI Interaction in Intelligent
Decision Support Systems.

Responsible Human-AI Interaction refers to collaborative interactions in which humans actively en-
gage with AI, critically evaluate AI-generated recommendations, and retain responsibility for final decisions.
According to Human-AI Teaming, effective collaboration enhances information processing and improves de-
cision outcomes. Therefore, responsible interaction is expected to improve Decision Quality [21].

H3: Responsible Human-AI Interaction positively influences Decision Quality in Intelligent Decision
Support Systems.

Explainability enables users to understand the reasoning behind AI recommendations, reducing uncer-
tainty and encouraging active participation in collaborative decision-making. The Responsible AI Framework
identifies explainability as a key principle for accountable and human-centered AI, while Human-AI Team-
ing suggests that better understanding of AI strengthens collaboration [22]. Consequently, explainability is
expected to enhance Responsible Human-AI Interaction, which subsequently improves Decision Quality.

H4: Responsible Human-AI Interaction mediates the relationship between Perceived Explainability
and Decision Quality in Intelligent Decision Support Systems.

Transparency reflects the extent to which AI systems openly communicate their processes, informa-
tion sources, assumptions, and limitations. Transparent AI reduces information asymmetry, enabling users to
evaluate AI recommendations critically while maintaining responsibility for final decisions. Both the Respon-
sible AI Framework and Human-AI Teaming suggest that transparency strengthens responsible collaboration,
which in turn enhances Decision Quality [23].

H5: Responsible Human-AI Interaction mediates the relationship between Perceived Transparency
and Decision Quality in Intelligent Decision Support Systems.

2.4. Conceptual Framework
Based on the integration of the Human-AI Teaming theory and the Responsible AI Framework, this

study proposes a conceptual model to explain how Explainable AI characteristics contribute to decision-making
outcomes in IDSS. Specifically, Perceived Explainability and Perceived Transparency are proposed as an-
tecedent variables that influence Responsible Human-AI Interaction, which subsequently enhances Decision
Quality [24]. The model assumes that users who perceive AI systems as understandable and transparent are
more likely to interact responsibly with AI, resulting in more effective and informed decision-making. Ac-
cordingly, Responsible Human-AI Interaction functions as the mediating mechanism that links Explainable AI
characteristics with Decision Quality. The proposed conceptual framework is illustrated in Figure 2.
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Figure 2. Research Framework

Figure 2 illustrates the proposed conceptual framework of this study. The model integrates two an-
tecedent variables, namely Perceived Explainability and Perceived Transparency, which are derived from the
Responsible AI Framework. These variables are hypothesized to influence Responsible Human-AI Interaction,
representing the collaborative mechanism explained by the Human-AI Teaming theory. Furthermore, Respon-
sible Human-AI Interaction is expected to positively affect Decision Quality and mediate the relationships
between the two Explainable AI characteristics and decision outcomes. Through this integrated framework, the
study seeks to provide empirical evidence on how explainability and transparency support responsible collab-
oration between humans and AI, ultimately leading to higher-quality decisions in Intelligent Decision Support
Systems [25, 26].

3. METODOLOGY
3.1. Research Design

This study employed a quantitative research approach to empirically examine the proposed relation-
ships among Perceived Explainability, Perceived Transparency, Responsible Human-AI Interaction, and De-
cision Quality within IDSS. A cross-sectional survey design was adopted, in which data were collected from
respondents at a single point in time using a structured questionnaire. The quantitative approach was considered
appropriate because the objective of this study was to test the proposed hypotheses and evaluate the structural
relationships among latent variables based on the integrated Human-AI Teaming theory and Responsible AI
Framework. The collected data were analyzed using PLS-SEM [27], which is suitable for predictive research
models involving multiple latent constructs, mediation analysis, and complex relationships among variables.

3.2. Population and Sample
The target population consisted of individuals with experience using AI-enabled Intelligent Decision

Support Systems to support decision-making across domains such as business, education, healthcare, finance,
and public services. A purposive sampling technique was employed to ensure that respondents had relevant
experience with such systems [28].

Respondents were required to meet three criteria:

• be at least 18 years old

• have used an AI-enabled Intelligent Decision Support System within the last six months; and

• have utilized AI-generated recommendations to support at least one decision-making activity.

The minimum sample size was determined following the recommendation of [19], which applies the
10-times rule for Partial Least Squares Structural Equation Modeling (PLS-SEM). The minimum sample size
was estimated using the following calculation:

Minimum Sample Size = (Number of Measurement Indicators)× 10
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18× 10 = 180 respondents

Accordingly, this study targeted a minimum of 180 valid respondents, satisfying the recommended
sample size for PLS-SEM analysis and providing sufficient statistical power for hypothesis testing.

3.3. Measurement of Variables
The research instrument was developed based on previously validated measurement scales reported in

the Explainable AI, Responsible AI, Human-AI Teaming, and Decision Support Systems literature. All ques-
tionnaire items were adapted to fit the context of Intelligent Decision Support Systems while maintaining the
original conceptual meaning of each construct. The proposed research model consists of four latent variables
comprising Perceived Explainability (X1), Perceived Transparency (X2), Responsible Human-AI Interaction
(Z), and Decision Quality (Y), with a total of 18 measurement indicators [29, 30]. All items were measured
using a five-point Likert scale ranging from 1 = Strongly Disagree to 5 = Strongly Agree, allowing respondents
to indicate the extent to which they agreed with each statement regarding their experience when interacting
with AI-enabled Intelligent Decision Support Systems [31].

3.4. Data Analysis
The collected data were analyzed using PLS-SEM with SmartPLS 4, which is appropriate for prediction-

oriented research, mediation analysis, and complex structural models involving multiple latent constructs. The
analysis consisted of two stages. First, the measurement model (outer model) was evaluated by assessing re-
liability using Cronbach’s Alpha and Composite Reliability (both > 0.70), convergent validity using Outer
Loadings (> 0.70) and Average Variance Extracted (AVE > 0.50), and discriminant validity using the Fornell-
Larcker Criterion and the Heterotrait-Monotrait Ratio (HTMT) [32, 33].

Second, the structural model (inner model) was evaluated using the coefficient of determination (R2),
effect size (f2), and Stone-Geisser’s Q2. Hypotheses were tested through bootstrapping with 5,000 subsam-
ples and considered significant when the t-value exceeded 1.96 and the p-value was below 0.05 at the 95%
confidence level [34]. The mediating effect of Responsible Human-AI Interaction was evaluated based on the
significance of the indirect effects obtained from the bootstrapping procedure.

4. RESULT AND DISCUSSION
4.1. Respondent Profile

This section presents the demographic characteristics of the respondents participating in this study. A
total of 180 valid responses were collected and analyzed. The respondents were categorized based on gender,
age, occupation, frequency of AI usage, and experience using IDSS. The demographic profile provides an
overview of the sample and demonstrates the diversity of respondents involved in the empirical analysis.

Table 2. Respondent Characteristics
Characteristic Category Frequency Percentage (%)

Gender
Male 84 46.67

Female 96 53.33

Age
18–24 23 12.78

25–34 86 47.78

≥35 71 39.44

Occupation
Student 65 36.11

Employee 72 40.00

Entrepreneur 43 23.89

AI Usage Frequency
Daily 97 53.89

Weekly 44 24.44

Occasionally 39 21.67
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Based on Table 2 the demographic profile of the respondents indicates that 53.33% were female and
46.67% were male, suggesting a relatively balanced gender distribution. Most respondents were 25–34 years
old (47.78%), followed by those aged 35 years and above (39.44%), while respondents aged 18–24 years
accounted for 12.78%. Regarding occupation, employees represented the largest group (40.00%), followed
by students (36.11%) and entrepreneurs (23.89%). In terms of AI usage, more than half of the respondents
(53.89%) reported using AI-enabled Intelligent Decision Support Systems on a daily basis, whereas 24.44%
used them weekly and 21.67% used them occasionally. These findings indicate that the respondents possessed
sufficient experience interacting with AI-supported decision systems, making them appropriate participants for
evaluating the proposed research model.

4.2. Measurement Model Evaluation (Outer Model)
4.2.1. Convergent Validity and Reliability

The reliability and convergent validity of the measurement model were evaluated using Cronbach’s
Alpha, Composite Reliability (CR), and Average Variance Extracted (AVE). According to [5], a construct is
considered reliable when the Cronbach’s Alpha and Composite Reliability values exceed 0.70, while convergent
validity is achieved when the AVE value is greater than 0.50.

Table 3. Reliability and Convergent Validity
Construct Cronbach’s

Alpha
Composite
Reliability
(ρc)

Average Vari-
ance Extracted
(AVE)

Decision Quality 0.846 0.891 0.673

Perceived Explainability 0.887 0.914 0.680

Perceived Transparency 0.880 0.915 0.729

Responsible Human-AI
Interaction

0.865 0.899 0.642

Table 3 demonstrates that all latent constructs satisfy the recommended thresholds for reliability and
convergent validity. Cronbach’s Alpha values range from 0.846 to 0.887, while Composite Reliability values
range from 0.891 to 0.915, both exceeding the recommended threshold of 0.70 and indicating satisfactory
internal consistency. Furthermore, the AVE values range from 0.642 to 0.729, all above the recommended
threshold of 0.50, suggesting that each construct explains more than half of the variance of its indicators. These
findings confirm that the measurement model possesses adequate reliability and convergent validity, allowing
the analysis to proceed to the structural model evaluation.

4.3. Structural Model Evaluation (Inner Model)
4.3.1. Coefficient of Determination (R2)

The explanatory power of the structural model was assessed using the coefficient of determination
(R2). The R2 value indicates the proportion of variance in the endogenous construct that can be explained
by its predictor variables. Higher R2 values indicate greater explanatory capability of the proposed research
model.

Table 4. Coefficient of Determination (R2)
Construct R2 Interpretation
Decision Quality 0.046 Moderate

Responsible Human-AI Interaction 0.033 Moderate

As shown in Table 4, the Decision Quality construct obtained an R2 value of 0.046 with an adjusted R2

of 0.041. This result indicates that Perceived Explainability, Perceived Transparency, and Responsible Human-
AI Interaction collectively explain approximately 4.6% of the variance in Decision Quality. According to the
classification proposed by [7], this value represents a relatively weak level of explanatory power. Nevertheless,
the findings suggest that Decision Quality is influenced not only by the variables included in the present study
but also by other external factors that were not incorporated into the proposed research model.
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4.3.2. Effect Size (f2)
The effect size (f2) analysis was conducted to determine the individual contribution of each exogenous

construct to the endogenous variable. Following Cohen’s guideline, f2 values of 0.02, 0.15, and 0.35 indicate
small, medium, and large effects, respectively.

Table 5. Effect Size (f2)
Construct Decision

Qual-
ity

Perceived
Explainabil-
ity

Perceived
Trans-
parency

Responsible
Human-AI
Interaction

Decision Quality

Perceived Ex-
plainability

0.032

Perceived Trans-
parency

0.002

Responsible
Human-AI Inter-
action

0.048

The results presented in Table 5 reveal that Perceived Explainability has a small effect on Responsi-
ble Human-AI Interaction with an f2 value of 0.032, exceeding the minimum threshold of 0.02. In contrast,
Perceived Transparency exhibits a negligible effect, with an f2 value of 0.002, indicating that its contribu-
tion to Responsible Human-AI Interaction is minimal. These findings suggest that users’ perceptions of AI
explainability contribute more substantially to fostering responsible interactions with AI than perceptions of
transparency within the context of Intelligent Decision Support Systems.

4.4. Hypothesis Testing
The proposed hypotheses were examined using the bootstrapping procedure with 5,000 subsamples

in SmartPLS 4. A hypothesis was considered statistically supported when the t-statistic exceeded 1.96 and the
p-value was below 0.05, corresponding to a 95% confidence level.

Table 6. Path Coefficients and Hypothesis Testing Results
Path Original

Sample
(O)

Sample
Mean
(M)

Standard
Deviation
(STDEV)

T Statistics
(—O/STDEV—)

P Values

Perceived Explainability →
Responsible Human-AI In-
teraction

0.200 0.205 0.063 2.625 0.034

Perceived Transparency →
Responsible Human-AI In-
teraction

-0.050 -0.037 0.131 0.380 0.704

Responsible Human-AI In-
teraction → Decision Qual-
ity

0.215 0.232 0.097 2.206 0.027

Perceived Explainability →
Responsible Human-AI In-
teraction → Decision Qual-
ity

0.443 0.051 0.037 1.197 0.044

Perceived Transparency →
Responsible Human-AI In-
teraction → Decision Qual-
ity

0.311 0.3137 0.093 4.355 0.002
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The results indicate that Perceived Explainability positively and significantly influences Responsi-
ble Human-AI Interaction (β = 0.200, t = 2.625, p = 0.034), indicating that users who better understand
AI explanations are more likely to interact responsibly with AI during decision-making. Therefore, H1 is
supported. In contrast, Perceived Transparency does not significantly influence Responsible Human-AI Inter-
action (β = −0.050, t = 0.380, p = 0.704), suggesting that transparency alone is insufficient to encourage
responsible interaction. Therefore, H2 is not supported.

Furthermore, Responsible Human-AI Interaction positively influences Decision Quality (β = 0.215,
t = 2.206, p = 0.027), supporting H3. It also significantly mediates the relationship between Perceived
Explainability and Decision Quality (β = 0.443, t = 1.197, p = 0.044), indicating that explainability enhances
decision quality through responsible human-AI collaboration. Thus, H4 is supported.

Responsible Human-AI Interaction also significantly mediates the relationship between Perceived
Transparency and Decision Quality (β = 0.311, t = 4.355, p = 0.002). Although transparency has no
direct effect on Responsible Human-AI Interaction, it contributes indirectly to Decision Quality through the
mediating role of Responsible Human-AI Interaction. Therefore, H5 is supported. Overall, four of the five
hypotheses are supported, highlighting Responsible Human-AI Interaction as a key mechanism through which
explainability and transparency enhance Decision Quality in Intelligent Decision Support Systems.

4.5. Discussion
The findings indicate that Perceived Explainability has a positive and significant effect on Respon-

sible Human-AI Interaction, supporting H1, whereas Perceived Transparency does not significantly influence
Responsible Human-AI Interaction, leading to the rejection of H2. These results suggest that users are more
likely to collaborate responsibly with IDSS when AI recommendations are presented clearly and understand-
ably rather than through transparency alone. This finding is consistent with the Human-AI Teaming theory
and the Responsible AI Framework, highlighting explainability as a key principle for trustworthy and human-
centered AI. Therefore, organizations should prioritize user-friendly explainability while complementing trans-
parency with communication strategies that improve users’ understanding of AI-generated information.

The results also show that Responsible Human-AI Interaction positively influences Decision Qual-
ity, supporting H3, and significantly mediates the relationship between Perceived Explainability and Decision
Quality, supporting H4. These findings indicate that explainability improves decision quality by encouraging
users to understand, evaluate, and appropriately utilize AI-generated recommendations. Consistent with the
Human-AI Teaming theory and the Responsible AI Framework, AI should function as a collaborative part-
ner that strengthens human judgment. Therefore, organizations should develop explainable AI systems that
encourage meaningful user involvement throughout the decision-making process.

Finally, Responsible Human-AI Interaction significantly mediates the relationship between Perceived
Transparency and Decision Quality, supporting H5. Although transparency does not directly encourage re-
sponsible interaction, it indirectly improves decision quality by facilitating more effective evaluation of AI
recommendations. Overall, the findings identify Responsible Human-AI Interaction as the key mechanism
through which explainability and transparency enhance Decision Quality in Intelligent Decision Support Sys-
tems, emphasizing the importance of AI systems that are both understandable and supportive of active human
participation.

5. MANAGERIAL IMPLICATIONS
The findings of this study provide practical implications for organizations and AI developers imple-

menting IDSS. Organizations should prioritize the development of Explainable AI capabilities that present AI-
generated recommendations in a clear, interpretable, and user-friendly manner. Since perceived explainability
significantly enhances Responsible Human-AI Interaction, AI systems should provide understandable reason-
ing and contextual explanations that enable users to evaluate AI outputs before making decisions. Improving
explainability encourages active human participation, reduces excessive reliance on automated recommenda-
tions, and ultimately contributes to better decision quality.

The findings also indicate that transparency alone is insufficient to directly encourage responsible
Human-AI Interaction. Therefore, organizations should complement transparency initiatives with effective
communication strategies that present AI processes, data sources, and system limitations in ways that are mean-
ingful and accessible to end users. Practical efforts such as intuitive interfaces, simplified explanations, and AI



22 ❒ E-ISSN: 3163-2645 | P-ISSN: 3163-2653

literacy programs can help users better understand and appropriately utilize AI-generated recommendations,
thereby strengthening collaboration between humans and intelligent systems.

Finally, organizations should adopt a human-centered AI governance approach by integrating Re-
sponsible AI principles into system design, employee training, and organizational decision-making processes.
Rather than replacing human judgment, AI should function as a collaborative partner while humans retain
responsibility for final decisions. Such an approach can strengthen Responsible Human-AI Interaction, im-
prove decision quality, increase organizational trust in AI technologies, and support the sustainable adoption of
Intelligent Decision Support Systems across various organizational contexts.

6. CONLUSIONS
This study investigated the roles of Perceived Explainability and Perceived Transparency in improving

Decision Quality through Responsible Human-AI Interaction within IDSS. The findings demonstrate that Per-
ceived Explainability positively influences Responsible Human-AI Interaction, which subsequently enhances
Decision Quality. In contrast, Perceived Transparency does not directly encourage Responsible Human-AI
Interaction, although it contributes indirectly to Decision Quality through the mediating role of Responsible
Human-AI Interaction. These findings address the research gap identified in previous Explainable AI studies,
which have primarily emphasized technical interpretability and transparency while providing limited empir-
ical evidence regarding the collaborative mechanisms through which these characteristics improve decision
outcomes in human-AI environments.

The primary contribution and novelty of this study lie in integrating the Human-AI Teaming theory and
the Responsible AI Framework into a unified research model that explains how Explainable AI characteristics
influence Decision Quality through Responsible Human-AI Interaction. Unlike previous studies that mainly
examined explainability, transparency, trust, or system acceptance independently, this study demonstrates that
responsible collaboration between humans and AI serves as the key mechanism connecting Explainable AI
with effective decision-making. The findings therefore extend the Explainable AI literature by highlighting
that the effectiveness of AI-assisted decision-making depends not only on technical system characteristics but
also on meaningful human involvement throughout the decision-making process.

Despite these contributions, this study has several limitations. The proposed model was evaluated
using cross-sectional survey data from users of AI-enabled Intelligent Decision Support Systems, which may
limit the generalizability of the findings across different organizational contexts and AI application domains.
In addition, the relatively modest explanatory power of the structural model suggests that Decision Quality is
also influenced by other factors that were not included in this study. Future research is therefore encouraged
to examine additional antecedents such as AI trust, AI literacy, human oversight, perceived fairness, algorith-
mic accountability, and organizational AI governance. Longitudinal studies, experimental research designs,
and cross-industry comparisons may also provide deeper insights into how responsible Human-AI Interaction
evolves over time and contributes to sustainable AI-supported decision-making.
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