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Empathy ers: the Ethical Layer, emphasizing fairness, accountability, and transparency;
Psychological the Psychological Layer, focusing on trust, empathy, and human experience; and
Dimension the Computational Layer, ensuring algorithmic integrity through bias mitigation
Responsible Al and explainability. Evaluation results from interdisciplinary experts confirm that

the model effectively bridges human values with technical implementation, en-
hancing trust, inclusivity, and transparency across Al systems. This research
contributes to the growing discourse on responsible Al by providing a holistic
foundation for designing systems that are not only intelligent and efficient but
also empathetic, equitable, and aligned with human well-being.
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1. INTRODUCTION

The rapid advancement of Artificial Intelligence (AI) has transformed industry, education, and public
services, evolving from automation tools into decision-making systems that influence social [1], economic, and
cultural dynamics. While Al fosters efficiency and innovation, it also poses ethical challenges that threaten
fundamental human values [2]. Key issues such as algorithmic bias, opacity, and data misuse persist [3],
largely because many systems are developed with a predominantly technical focus that overlooks users’ social
and psychological contexts. This imbalance risks amplifying inequalities and eroding public trust, underscoring
the need for Al that prioritizes both performance and ethical responsibility [4].

The core problem addressed in this study is the limited multidisciplinary integration in creating gen-
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uinely human-centered Al [5]. Existing models remain technical in orientation [6], with minimal incorporation
of ethical or psychological dimensions, resulting in biased and non-inclusive innovations. This research pro-
poses a conceptual framework that unifies ethical, psychological, and computational perspectives to support
inclusive and socially responsible Al development [7].

The urgency of adopting Human-Centered Al aligns with the UN Sustainable Development Goals
(SDGs), notably SDG 9, SDG 10, and SDG 16, which emphasize ethical, inclusive, and transparent digital
innovation. As Al increasingly shapes public services, education, and socio-economic decisions, aligning
design principles with SDGs helps prevent technological harms and supports sustainable, rights-based digital
transformation.

This study contributes theoretical and practical guidance for developers, researchers, and policymakers
in building AI systems that are computationally robust, ethical, and empathetic [8]. Accordingly, the study
addresses three research questions: a. How can ethical, psychological, and computational perspectives be
integrated into a unified Human-Centered Al framework?, b. What gaps exist between ethical principles, user
psychological perceptions [9], and computational practices?, c. How does the proposed framework enhance
inclusivity, transparency, and user trust in real-world applications [10]?. These questions ensure coherence in
developing and evaluating the Human-Centered Al Integration Framework.

2. LITERATURE REVIEW
2.1. Artificial Intelligence and Human-Centered Design

The evolution of Al has progressed from rule-based systems to data-driven and generative models ca-
pable of autonomous learning and creative production [11]. Traditional Al systems relied heavily on predefined
logic and structured data, while modern generative Al leverages deep learning and large-scale neural networks
to simulate human reasoning and generate new content [12]. This transformation has significantly expanded
Al’s applicability in various fields, including healthcare, education, and digital innovation. In this context, the
concept of Human-Centered Design (HCD) provides a foundation to ensure that technological development
remains aligned with human needs and values [13]. HCD emphasizes empathy, user involvement, and iterative
design processes to create systems that are intuitive and beneficial for all users [14]. Integrating these princi-
ples into AI development ensures that intelligent systems not only perform efficiently but also respect human
autonomy, usability, and inclusiveness [15].

2.2. [Ethical Frameworks in Al

The ethical challenges in Al development have become a critical global issue, particularly concern-
ing privacy, transparency, accountability, and algorithmic fairness [16]. As Al systems increasingly influence
decision-making in areas such as finance, healthcare, and law enforcement, the risks of discrimination and
unintended bias have become more apparent [17]. These risks often arise from unrepresentative datasets or
opaque algorithmic processes that obscure how decisions are made [18]. To address these challenges, sev-
eral international initiatives have introduced regulatory and normative frameworks that promote responsible
and transparent Al development [19]. These frameworks emphasize principles such as human oversight, fair-
ness, explicability, and data protection. Embedding these ethical standards into Al governance is essential for
ensuring that technology serves the public good and maintains societal trust.

2.3. Psychological Perspectives in AI Interaction

Human interaction with Al systems is strongly influenced by psychological factors such as trust,
empathy, and acceptance [11]. Users are more likely to adopt and rely on Al technologies when they perceive
them as transparent, empathetic, and aligned with human intentions [20]. The psychological dimensions of
Al interaction are underpinned by foundational theories such as the Technology Acceptance Model (TAM)
and the Trust-Confidence Model. These models highlight how factors like user trust and empathy influence
adoption and reliance on Al systems [21]. According to the TAM, trust in technology and perceived ease of
use are critical determinants of user acceptance, while the Trust-Confidence Model posits that user trust is built
through transparent interactions, fostering a stronger emotional connection to the Al system [22].

However, when Al systems act unpredictably or lack emotional intelligence, users tend to experience
uncertainty or resistance toward their use. The psychological implications of Al also extend to broader issues
related to human well-being and identity [23]. Human-Machine Synergy describes a collaborative relationship
where both human capabilities and Al technologies complement each other to achieve better outcomes [24].
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This synergy leverages the strengths of Al, such as processing large datasets quickly [25], alongside human
skills like empathy, creativity, and decision-making, leading to more effective and inclusive Al applications
Continuous interaction with Al-driven environments can alter cognitive patterns, affect social behavior, and
influence emotional stability [26]. Understanding these psychological dynamics is crucial for building Al
systems that enhance, rather than diminish, human experience and social harmony [27].

2.4. Computational Approaches for Inclusive Innovation

From a computational perspective, achieving inclusivity in Al requires the design of algorithms that
minimize bias and promote fairness across different demographic groups [28]. Various techniques [29], such
as bias mitigation, adversarial debiasing, and fairness-aware learning, have been developed to address systemic
inequities embedded within data and models [30]. In addition, fairness metrics such as demographic parity and
equalized odds are increasingly used to assess algorithmic performance and ensure equitable outcomes [31].
Another key component of inclusive Al is XAI, which aims to make algorithmic decisions more interpretable
and transparent to users [32]. By providing insight into the reasoning behind model predictions, XAl strength-
ens accountability and user trust. The integration of computational transparency and inclusivity forms the basis
for ethical and sustainable Al innovation [33].

The synthesis of the reviewed literature reveals that the development of Human-Centered Al relies
on the integration of three key perspectives: ethical, psychological, and computational. Figure 1 illustrates
this conceptual intersection, highlighting how these dimensions converge to form inclusive and responsible Al
innovation [34].

ETHICAL

HUMAN-

CENTERED
Al

PSYCHOLOGICA COMPUTATIONAL

HUMAN-CENTERED Al
Figure 1. Conceptual integration of Ethical, Psychological, and Computational dimensions in
Human-Centered AL

Figure 1 the Human-Centered AI Integration Model illustrates how the Ethical, Psychological, and
Computational layers interact to form an inclusive Al ecosystem [35]. The Ethical layer defines fairness, ac-
countability, and transparency principles; the Psychological layer captures user trust, empathy, and acceptance;
and the Computational layer operationalizes these values through bias mitigation, explainability, and robust
algorithmic design. The integration of these three dimensions demonstrates how human-centered values are
embedded across the Al lifecycle, forming a holistic foundation for responsible Al development [36, 37].

3.  RESEARCH METHODOLOGY
3.1. Research Approach

This study adopts a mixed-method design combined with principles of Design Science Research
(DSR) to ensure both theoretical depth and practical applicability. The mixed-method approach allows for the
integration of qualitative and quantitative perspectives, aligning with the multidisciplinary nature of human-
centered Al [38]. Sample Characteristics: The user survey involved 128 respondents selected using purposive
sampling, targeting individuals who frequently interact with Al-based platforms such as recommendation en-
gines, virtual assistants, and generative Al tools [39]. The sample included a diverse demographic in terms of
age, education, and professional background, with 60% of participants aged between 25-40 years and 40% aged
41-60 years. The majority (70%) had at least a bachelor’s degree, ensuring that respondents had a reasonable
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level of familiarity with Al technologies [40].

Survey Item Examples the survey instrument consisted of 18 items, measured using a 5-point Likert
scale. Some example items include I understand how the Al system makes decisions (perceived transparency
I feel comfortable relying on Al recommendations (trust), and the Al system responds in a way that feels
human-like (empathy perception). These items were designed to capture key psychological constructs and user
perceptions of Al [41, 42].

Evaluation Criteria: Experts from interdisciplinary backgrounds (ethics, psychology, and computer
science) were asked to evaluate the proposed Human-Centered Al Integration Framework [43]. Evaluation
criteria included clarity, comprehensiveness, practicality, and alignment with real-world challenges in Al [44].
Experts were also asked to assess the framework’s ability to integrate ethical, psychological, and computational
dimensions effectively. Meanwhile, the DSR framework supports the creation and validation of an innovative
conceptual model that addresses real-world ethical and psychological challenges in Al systems. The approach
is iterative, involving continuous refinement of the proposed framework through data collection, analysis, and
expert validation [45].

3.2. Data Collection Methods

Data were collected through three primary sources to ensure comprehensive insight from both human
and system perspectives to operationalize the mixed-method approach [46], the user survey involved a total
of 128 respondents selected using purposive sampling, targeting users who frequently interact with Al-based
platforms such as recommendation engines, virtual assistants, and generative Al tools. The survey instrument
consisted of 18 items measured using a 5-point Likert scale, covering constructs such as perceived transparency
(e.g., ‘Tunderstand how the Al system makes decisions’), trust (‘I feel comfortable relying on Al recommenda-
tions’), and empathy perception (“The Al system responds in a way that feels human-like’). For the Al system
analysis component, three publicly available datasets, COMPAS (bias evaluation), CIFAR-10 (model inter-
pretability tasks), and a chatbot interaction log dataset were used to examine real-world patterns of algorithmic
fairness, bias, and explainability. These details strengthen the alignment between methodological claims and
their practical execution.

* Literature Study A systematic review of academic journals, policy documents, and technical reports was
conducted to identify current trends, theoretical foundations, and ethical considerations related to Al
design and governance [47].

» User Surveys Online surveys were distributed to individuals who frequently interact with Al-based appli-
cations, such as recommendation systems, chatbots, and virtual assistants. The survey aimed to capture
perceptions of trust, empathy, and acceptance in Al interactions [48].

* Al System Analysis Selected Al-driven platforms were analyzed to examine the presence of bias, trans-
parency features, and explainability mechanisms [49, 50]. To provide operational clarity, the analysis in-
cluded three categories of Al systems: A. large-scale language models such as GPT-3.5 and LLaMA-2 to
assess explainability and response consistency. B. decision-support algorithms, including the COMPAS
risk assessment model to evaluate algorithmic bias and fairness metrics. C. computer vision architectures
such as ResNet-50 trained on the CIFAR-10 dataset to examine interpretability using SHAP and Grad-
CAM. These platforms were selected because they represent widely deployed Al architectures across
NLP, predictive analytics, and computer vision domains [51].

3.3. Data Analysis Procedures
The data analysis combined qualitative and quantitative techniques across three domains:

* Ethical Dimension (Qualitative) Thematic analysis revealed key ethical issues fairness, accountability,
and transparency highlighting gaps between principles and technical practice [52]. A survey of 128 pur-
posively selected Al users used an 18-item Likert instrument measuring transparency, trust, and empathy
perception. Al system analysis using the COMPAS, CIFAR-10, and chatbot log datasets examined fair-
ness, bias, and explainability. These elements strengthen the alignment between the study’s methodology
and its practical implementation [53].
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* Psychological Dimension (User Perception) Quantitative analysis, including descriptive statistics and
correlation tests, was conducted on survey responses to evaluate trust, empathy, and acceptance levels
toward Al [54].

* Computational Dimension (Technical Evaluation) Algorithmic performance and fairness metrics were
assessed through model testing, focusing on explainability, bias detection, and mitigation strategies [55].

This integrative approach enables a holistic understanding of how ethical, psychological, and compu-
tational factors interact in shaping human-centered Al.

3.4. Conceptual Framework Development
Based on the results of the literature review and data analysis, a conceptual model called the Human-
Centered Al Integration Framework was developed. The framework consists of three interconnected layers:

» Ethical Layer Establishes foundational principles such as fairness, accountability, and transparency to
guide Al design.

* Psychological Layer Emphasizes human trust, empathy, and user experience as central elements of sys-
tem interaction.

» Computational Layer Focuses on algorithmic integrity, bias mitigation, and explainability to ensure in-
clusivity and technical robustness.

The integration of these layers supports an Al ecosystem that is both technically effective and socially
responsible. Quantitative data were analyzed using descriptive statistics, Pearson correlation, and reliability
testing (Cronbach’s ac > 0.70 ), while qualitative insights were derived through thematic coding with an inter-
coder agreement of 0.82. Computational evaluation employed fairness metrics (demographic parity difference
and equalized odds) and explainability tools (SHAP and LIME). These operational steps demonstrate the con-
crete implementation of the mixed-method design. The model will undergo expert validation and real-world
testing to assess its practicality and scalability.

To visually represent the integration of ethical, psychological, and computational dimensions, the pro-
posed Human-Centered Al Integration Framework is illustrated in Figure 2 this framework highlights the con-
tinuous interaction between responsible Al design, human well-being, and governance mechanisms throughout
the Al lifecycle. The visualization emphasizes how each stage from data collection to model deployment should
remain aligned with human values, ensuring that technology development remains inclusive, transparent, and
ethically grounded.

Governance and il
Responsible
Independent m % Design of Al

Oversight
\ Data

.. Collection and
) Curation

_ Al Model Design / Design and
Human-Al (@8 \ and Bl Evaloation

Interaction 5
Implementation Framework

Deployment
and

Use

Human
well-being @

Privacy

Human well-being

Figure 2. Human-Centered Al Lifecycle Framework
Source:https://techxplore.com/news/2023-03-humans-artificial-intelligence.html

Following the conceptual visualization presented in Figure 2, demonstrates how the development and
deployment of Al systems can maintain a balanced relationship between technological performance and human
values. Each component of the framework ethical, psychological, and computational interacts dynamically
throughout the Al lifecycle to ensure inclusivity, fairness, and accountability. At the core of this framework lies
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the idea that ethical governance should guide every phase of Al development, from data collection and model
design to evaluation and deployment. The psychological dimension complements this by prioritizing user trust,
emotional engagement, and well-being, ensuring that Al systems serve human needs rather than replace them.
Meanwhile, the computational layer operationalizes these principles through technical mechanisms such as
bias mitigation XAl and fairness-aware algorithms.

This integrated approach reflects a shift from purely efficiency-driven Al systems toward human-
centered innovation, where ethical reasoning, empathy, and technical excellence coexist. The framework pro-
vides a foundation for developing future Al solutions that are not only effective and scalable but also transpar-
ent, equitable, and socially responsible.

To further elaborate on the structure and operational aspects of the proposed model, the key com-
ponents of the are summarized in Table 1 The table does not merely classify components but demonstrates
the interdependence among all three layers. Each row links a conceptual pillar with its operational practices
and expected system-level outcomes, providing a clear roadmap for applying the framework in real-world
Al development. This table provides a detailed breakdown of each layer ethical, psychological, and com-
putational highlighting their primary focus, essential elements, and intended outcomes. By outlining these
dimensions systematically, the framework offers a comprehensive understanding of how ethical governance,
human-centered design, and computational integrity converge to promote inclusive and responsible Al innova-
tion.

Table 1. Human-Centered Al Integration Framework Components

Layer Key Focus Core Element Expected Outcomes

Trustworthy Al practices
that prevent harm,
reduce bias,

. Fairness, accountability, transparency,
Establishes moral and ¥ P Y

Ethical . rivacy protection,
governance foundations P yP

Layer responsible Al design, and .
¥ for Al systems. re Il)llator alienme ri and ensure compliance
g yang ’ with ethical standards.
User trust, empathy, emotional Enhanced human—AlI
. Centers on human values and . . .
Psychological o . . intelligence, collaboration,
cognitive interaction with .
Layer Al systems UX, and increased acceptance, and
Y ’ cognitive ergonomics. positive user perception.
. s sy Robust, inclusive, and
. Bias mitigation, algorithmic
. Ensures technical soundness and . . transparent Al systems
Computational inclusivity through advanced fairness metrics, that perform reliabl
Layer Y g XAI and P y

algorithmic design. . - across
model interpretability. .
diverse user contexts.

Table 1 summary of the three-layer Human-Centered Al Integration Framework. The Ethical layer
outlines governance-oriented values, including fairness, accountability, and transparency. The Psychological
layer emphasizes user-centric factors such as emotional intelligence, trust, and cognitive ergonomics. The Com-
putational layer represents the technical mechanisms bias mitigation, fairness metrics, and explainability that
operationalize human-centered principles. Together, these components demonstrate how ethical, emotional,
and technical dimensions collectively shape responsible Al innovation.

By integrating these three layers, the framework provides a holistic guide for designing Al systems
that not only perform effectively but also align with human values and societal expectations. This comprehen-
sive structure serves as a reference for researchers, practitioners, and policymakers seeking to implement Al
solutions that are both technically sound and socially responsible. The model’s clarity and adaptability also
make it suitable for future validation in real-world applications, enabling further refinement and scalability
across diverse contexts.

4. RESULTS AND DISCUSSION
4.1. Framework Evaluation and Expert Feedback

The proposed Human-Centered Al Integration Framework was evaluated through expert feedback and
qualitative assessment. Experts from interdisciplinary backgrounds ethics, psychology, and computer science
provided insights into the framework’s comprehensiveness, clarity, and practical relevance. Expert Feedback
Analysis: Expert feedback was systematically analyzed using a combination of coding and thematic analysis

APTISI Transactions on Management (ATM), Vol. 10, No. 1, January 2026: 21-32



APTISI Transactions on Management (ATM) O 27

techniques. First, each expert’s comments were coded using a pre-defined set of categories aligned with the
study’s three key dimensions: ethical, psychological, and computational. These categories were designed
to capture key aspects of the framework’s clarity, comprehensiveness, and practical relevance. The coding
process involved two independent researchers to ensure intercoder reliability, with an agreement score of 0.85,
indicating a high level of consistency in the analysis.

Evaluation Rubric: An evaluation rubric was used to assess the expert feedback. This rubric included
the following criteria: clarity (how well the framework’s components are explained), comprehensiveness (how
fully the framework integrates the three dimensions), practicality (how easily the framework can be applied in
real-world scenarios), and relevance (how well the framework addresses current challenges in Al development).
Experts were asked to rate the framework on a 5-point Likert scale for each criterion, and any discrepancies
in ratings were resolved through a comparative discussion. Comparative Assessment: To ensure reliability, the
feedback from each expert was compared and contrasted, and any differences in interpretation or focus were
discussed to refine the framework. This comparative assessment allowed us to validate the framework’s effec-
tiveness across different disciplinary perspectives, ensuring its robustness and applicability. Overall, responses
indicated strong agreement that the framework successfully bridges ethical reasoning with computational mech-
anisms while maintaining user-centered design principles.

Minor suggestions included the need for measurable indicators of ethical compliance and improved
usability metrics to assess human trust and satisfaction in real-world applications. To strengthen the empirical
grounding of the results, the conclusions in this section are directly linked to the quantitative and qualitative
data collected in the study. Survey findings showed that 78% of respondents reported moderate-to-high trust in
Al systems (M = 4.12; SD = 0.63), supporting the claim that psychological trust significantly influences user
acceptance. Furthermore, 65% of respondents agreed that transparency affects their willingness to engage with
Al, aligning with the framework’s emphasis on ethical explainability.

For the AI system analysis, the bias assessment conducted on the COMPAS dataset revealed a de-
mographic parity difference of 0.19, indicating measurable disparities across demographic groups. Technical
Validation and Fairness Metrics: To validate the effectiveness of the proposed Human-Centered Al Integration
Framework, computational fairness metrics were applied to several Al systems, focusing on bias mitigation
and algorithmic fairness. The following fairness metrics were assessed to validate the effectiveness of the pro-
posed Human-Centered Al Integration Framework. Computational fairness metrics were applied to several Al
systems, focusing on bias mitigation and algorithmic fairness. The following fairness metrics were assessed

Table 2. Fairness Metrics and Technical Validation Results

Model / Dataset Metric Value Interpretation
COMPAS Demographic parity ~ 0.19 Bias detected
ResNet-50 Equalized odds 0.12 Moderate variance
Generative Al Predictive parity 0.07 Slight inconsistency
ResNet-50 SHAP explainability 82% High interpretability

Computational outputs demonstrate measurable disparities across demographic groups, particularly
within the COMPAS dataset, where a demographic parity difference of 0.19 was identified. As illustrated in
Table 2, these disparities highlight how fairness-aware learning and explainability mechanisms play a critical
role in revealing and mitigating algorithmic bias within human-centered Al systems.

* Demographic Parity Measures whether different demographic groups have equal positive outcomes in the
system. For example, when applied to the COMPAS risk assessment tool, demographic parity showed a
0.19 difference in prediction outcomes across racial groups, indicating potential bias.

* Equalized Odds Ensures that the false positive and false negative rates are similar across demographic
groups. In the case of the ResNet-50 model, the equalized odds metric revealed a variance of 0.12 in
prediction accuracy between different age groups.

* Predictive Parity Measures whether the positive predictive value is consistent across groups. For example,
in a simulated experiment with a generative Al tool, predictive parity was tested and showed a variance
of 0.07, suggesting slight inconsistencies in predictive outcomes between user demographics.
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Computational Outputs: To demonstrate the technical validity of these metrics, outputs from the fair-
ness evaluation of the COMPAS dataset showed a demographic parity difference of 0.19, indicating a measur-
able disparity between racial groups. In addition, fairness metrics applied to the ResNet-50 model demonstrated
the impact of fairness-aware learning techniques, with SHAP (Shapley Additive Explanations) revealing that
82% of the model’s variations could be attributed to specific features, helping to explain the fairness and inter-
pretability of its predictions.

This empirical evidence supports the conclusion that computational fairness mechanisms are neces-
sary within the proposed framework. Additionally, SHAP-based explainability tests on ResNet-50 demon-
strated that 82% of model variations in classification could be traced to specific feature contributions, rein-
forcing the role of computational transparency in human-centered Al. These data points directly support the
study’s argument that ethical, psychological, and computational dimensions must function together to achieve
responsible Al development. The conclusions presented in Sections 5.2-5.5 are therefore not only conceptual
but grounded in measurable user perceptions and validated algorithmic performance.

4.2. Ethical and Social Implications

These ethical considerations also align with the United Nations SDGs, especially SDG 9, SDG 10, and
SDG 16. Promoting fairness, transparency, and accountability across the Al lifecycle supports global efforts
to reduce inequality, strengthen institutional trust, and encourage responsible digital innovation. Through bias
reduction and ethical governance, the Human-Centered Al Integration Framework contributes to sustainable
and socially just Al development.

4.3. Psychological Dimension and Human Experience

From a psychological perspective, user trust, empathy, and perceived control emerged as dominant
factors influencing Al acceptance. The Human-Centered Al model addresses these dimensions by embedding
psychological awareness in system design ensuring that users feel safe, understood, and respected when in-
teracting with Al systems. This shift reflects a move from purely functional Al to emotionally intelligent Al,
capable of adapting to human emotions and cognitive patterns. As a result, users exhibit higher satisfaction and
sustained engagement, confirming the importance of integrating human psychology into Al design.

4.4. Computational Insights and Technical Validation

The computational analysis revealed that applying bias mitigation and fairness metrics significantly
improved algorithmic inclusivity and output reliability. Explainable AI XAI techniques, such as model inter-
pretability and feature transparency, helped users and developers understand how decisions were made. This
clarity reduces mistrust and supports collaborative debugging between humans and machines. The framework’s
computational layer thus acts as the operational backbone translating ethical and psychological principles into
measurable algorithmic behavior.

4.5. Integrative Discussion

The discussion across the three layers demonstrates that ethical, psychological, and computational di-
mensions cannot function independently; rather, they must operate in synergy to achieve truly human-centered
Al The integration of the ethical, psychological, and computational layers in the Human-Centered Al Integra-
tion Framework is not merely a conceptual grouping but a deliberate synthesis designed to address the inherent
tensions between technical efficiency and human well-being in Al systems. These layers interact to balance
the need for algorithmic fairness with user trust and empathy, ensuring that Al systems are not only technically
proficient but also socially responsible.

Ethical values provide direction, psychological factors ensure human compatibility, and computational
methods ensure technical feasibility. Together, they form a sustainable foundation for inclusive and responsible
Al innovation. This interdisciplinary integration strengthens not only the social acceptance of Al but also
its potential to contribute meaningfully to human well-being and equitable technological progress. From a
practical perspective, the Human-Centered Al Integration Framework can be applied directly in organizational
and industry settings. For instance, companies deploying recommendation systems or automated decision-
making tools can incorporate the psychological layer by embedding trust and empathy indicators into their UX
evaluation cycles.

At the policy level, the ethical layer provides measurable guidelines that regulators may adopt to
strengthen compliance within emerging Al governance structures such as the EU Al Act or Indonesia’s draft
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National AI Strategy. In addition, industries in fintech, healthcare, and education can operationalize the com-
putational layer by applying fairness metrics and explainability protocols as mandatory checkpoints in their
model development pipeline. These examples demonstrate how the framework provides actionable direction
for practitioners, offering a path for integrating governance models, risk assessments, and transparent reporting
mechanisms that align with responsible Al principles.

5. MANAGERIAL IMPLICATIONS
5.1. Implications for Organizations and Industry Practitioners

Organizations implementing Al technologies should integrate ethical governance, user-centered psy-
chological insights, and computational fairness throughout the entire Al lifecycle. Managers are advised to es-
tablish cross-functional Al governance committees to ensure fairness, accountability, and transparency become
mandatory checkpoints prior to system deployment. Al-driven platforms such as recommendation engines,
chatbots, and predictive analytics tools should incorporate XAI mechanisms and fairness metrics to minimize
bias and strengthen user trust. Doing so enhances system reliability, reduces operational risks, and improves
the long-term sustainability and credibility of Al-based business strategies.

5.2. Implications for User Experience and Customer Engagement

The study highlights that user psychological factors specifically trust, empathy, and emotional comfort
significantly influence Al adoption. Product managers and UX designers need to integrate these psychological
indicators into routine evaluation cycles through perception surveys, interaction analysis, and empathy-based
interface testing. Prioritizing human experience enables organizations to develop Al systems that feel more
intuitive, transparent, and emotionally aligned with user expectations, ultimately driving higher satisfaction,
engagement, and long-term loyalty.

5.3. Implications for Policymakers and Regulatory Bodies

Policymakers can utilize the Human-Centered Al Integration Framework as a guiding structure for
establishing Al governance standards that emphasize fairness, transparency, explainability, and user rights
protection. By aligning regulatory frameworks with responsible Al principles, governments and institutions
can ensure that Al technologies deployed in public and private sectors remain secure, trustworthy, and socially
responsible. The framework also provides a foundation for auditors and oversight bodies to evaluate ethical
compliance, algorithmic risks, and inclusivity levels within emerging Al ecosystems.

6. CONCLUSION

This study introduced the Human-Centered Al Integration Framework, a multidimensional model that
unifies ethical, psychological, and computational perspectives to guide the development of responsible and
human-centered artificial intelligence. The framework emphasizes that Al innovation must extend beyond
technical efficiency by integrating human values, emotional understanding, and social responsibility. Evalu-
ation results show that ethical alignment fosters trust and fairness, psychological awareness strengthens user
acceptance, and computational practices such as bias mitigation and explainability operationalize these princi-
ples. Furthermore, the framework’s orientation toward fairness, inclusivity, and transparent governance aligns
closely with SDG 9, SDG 10, and SDG 16, reinforcing global efforts to build sustainable, equitable, and trust-
worthy digital ecosystems.

Overall, the framework contributes to the broader discourse on responsible Al by promoting cross-
disciplinary collaboration and guiding policymakers, developers, and researchers in designing transparent and
inclusive Al systems. It addresses ongoing IEEE priorities by supporting ethical engineering practices, enhanc-
ing system accountability, and strengthening algorithmic governance. This interdisciplinary approach enables
the creation of Al technologies that uphold human well-being and reduce bias, providing practical direction for
auditors and engineers seeking to embed fairness, trust, and explainability into Al solutions.

The Human-Centered Al Integration Framework also offers actionable pathways for future develop-
ment, including the integration of fairness checkpoints, empathy-based interaction metrics, and standardized
explainability testing within engineering workflows. Future research is encouraged to validate the framework
across diverse computational environments and develop open-source tools that translate ethical and psycholog-
ical principles into measurable technical components. These directions reinforce the framework’s applied value
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and support global and IEEE missions to advance secure, transparent, and human-centered intelligent systems.
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