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Abstract. Artificial intelligence (AI) is a foundational 

component of information systems, influencing 

decisions across all industries and social platforms. 

Product and software solution developers devote 

considerable attention to improving algorithmic 

performance, with less focus on how customers, 

communities, and users experience, understand, and 

influence AI systems. Therefore, this paper seeks to 

explain how user experience (UX) design can be 

applied to preserve human agency in AI-driven 

interactions. The authors analyzed 129 papers using 

the Preferred Reporting Items for Systematic Reviews 

and Meta-Analyses (PRISMA) and derived four UX 

design considerations: trust, transparency and 

explainability, inclusion and accessibility, and 

embedded ethics as key dimensions of responsible AI 

design preserving human agency. These 

considerations shift the focus of AI design from 

technological capability toward human empowerment 

and agency. Preserving human agency requires more 

than technical accuracy; it requires systems that 

support meaningful human participation and 

oversight. 

Keywords. Artificial Intelligence, User Experience, 

Explainable AI, Participatory Design, Community 

Empowerment, AI Ethics 

1 Introduction 

Artificial intelligence (AI) is no longer an emerging 

technology. AI is embedded in the infrastructure of 

everyday life, and AI-driven systems increasingly 

influence decision-making in education, employment, 

healthcare, financial services, and other sectors. 

(Mishra, 2024). This integration of AI technologies 

shapes opportunities, allocates resources, facilitates 

interactions between individuals and institutions, and 

consequently, has become more than just a 

technological tool (Naikar et al., 2026). Sophisticated 

AI systems are perceived as more than just a tool for 

business operations efficacy. It is regarded as a key 

strategic asset with the potential to produce never-

before-experienced outcomes in business, such as 

hyper-personalization at scale, real-time decision-

making, hidden customer needs prediction, and 

inimitable solution design (Dzreke, 2025). AI systems 

also provide new opportunities for innovation and 

value creation beyond realizing operational efficiency 

(Ali et al., 2024).  

In addition, organizations can make more informed 

decisions and respond more effectively in dynamic 

environments due to the ability of AI systems to 

process vast amounts of data (big data), identify 

complex patterns, and generate actionable insights - in 

some instances, autonomously (Li & Tian, 2026; 

Nagaboyina, 2024). AI technologies have the potential 

to augment human expertise, enhance creativity and 

support productivity (Smuts & Smith, 2021). 

Despite these advances in AI systems, concerns 

have emerged about fairness, transparency, 

accountability, and inclusion (Akinrinola et al., 2024; 

Panarese et al., 2025). Stakeholders (communities, 

customers, users, and employees) are impacted by 

opaque algorithmic decisions, creating challenges for 

engendering trust and establishing democratic 

oversight (Panarese et al., 2025). Furthermore, 

stakeholders most impacted by AI remain 

underrepresented in the design, development and 

governance of such systems (Kaminski & Malgieri, 

2024). Consequently, AI systems risk reinforcing 

existing inequalities, while simultaneously obscuring 

the mechanisms through which such inequalities are 

reproduced (Bircan & Özbilgin, 2025).  

The socio-technical nature of user experience (UX) 

is associated with the usability and usefulness of 

interface design, mediating relationships between 

people (stakeholders) and intelligent systems (Cha & 

Wong, 2025). Through decisions about interaction 

design, accessibility, explainability, and participation, 

UX practitioners influence whether AI systems 

empower users or diminish their agency (Bennett et al., 

2023). Therefore, the research question investigated in 

this paper asked: “How can user experience design be 

applied to preserve human agency in AI-driven 

interactions?” The findings of this study could assist 
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AI solution designers in developing AI-driven systems 

that enhance user autonomy, support informed 

decision-making, and maintain meaningful human 

control throughout the interactive process.  

Section 2 presents the background of the study, 

followed by the research methodology in Section 3 and 

the findings in Section 4. Section 5 presents the study 

contributions, and Section 6 concludes the paper. 

2 Background 

2.1 Human agency and explainability in 

AI systems 

The rapid adoption of AI has transformed the 

relationship between humans and technology (Naikar 

et al., 2026). Such automated systems increasingly 

influence decisions and recommendations traditionally 

made by humans. Scholars report that when 

stakeholders cannot understand or challenge 

algorithmic outputs, their capacity for informed 

decision-making is reduced (Grimmelikhuijsen & 

Meijer, 2022; Heaton et al., 2023; Masoudi, 2025). 

Human agency is the individual capacity to make 

independent choices, take purposeful actions, and 

shape their own lives and environment. It contrasts 

with the idea that humans are just passive reactors to 

natural forces or societal rules; rather, it embodies the 

power to think, decide, and enact change (Welzel & 

Inglehart, 2010). Human agency in AI contexts refers 

to stakeholders’ ability to understand, influence, and 

contest decisions that affect them (Holter & El-Assady, 

2024).  

Scholars recognize trust as a prerequisite for 

successful human-AI interaction (Glikson & Woolley, 

2020; Thinnakkakath, 2026). Accordingly, research in 

explainable AI (XAI) has focused on developing 

methods that make algorithmic reasoning more 

interpretable for stakeholders to understand how AI 

systems function, why decisions are made, and what 

limitations exist. Effective explanations should be 

understandable, actionable, and contextually relevant 

to stakeholders’ knowledge and circumstances 

(Hannibal & Lindner, 2023; Subramanian et al., 2024; 

Wang et al., 2025). Hannibal and Lindner (2023) 

elaborate that AI systems should not proffer superficial 

explanations that create the appearance of openness yet 

do not enable true understanding. In this context, UX 

design is vital to ensuring that transparency 

mechanisms indeed empower users rather than merely 

legitimize opaque systems (Gray et al., 2018). 

Data represent another key resource related to XAI 

(Durango et al., 2025; Meier, 2025). Carroll et al. 

(2020) define the people- and purpose-oriented CARE 

principles (Collective benefit, Authority to control, 

Responsibility, and Ethics), which reflect the 

important role of data in advancing governance and 

human agency. These principles position stakeholders 

as data stewards rather than just data sources to attain 

personal data sovereignty and governance (Baraku et 

al., 2025). Data sovereignty should be designed to 

grant stakeholders practical control over their 

distributed personal data, especially regarding its usage 

in AI training (Baraku et al., 2025). 

2.2 Inclusion and participatory design 

The transition from algorithms to human agency is 

necessary to ensure that AI systems promote equality, 

accountability, and human dignity (Papagiannidis et 

al., 2025). Therefore, AI systems should not reproduce 

social inequalities when they are developed within 

unequal social contexts (Lainjo, 2023). Such 

development could cause marginalized groups to 

experience barriers related to digital access, language 

support, accessibility, and representation in training 

datasets. Older adults, rural communities, low-income 

populations, minority language-speakers, and 

individuals with disabilities are vulnerable to exclusion 

(Cunningham et al., 2025; Panarese et al., 2025).  

Kang et al. (2026) propose that UX design 

principles provide a useful framework for addressing 

these challenges, as inclusion should not be treated as 

a compliance requirement but rather as a foundational 

design principle that benefits all stakeholders (Ntoa et 

al., 2024). Therefore, within the AI context, 

accessibility extends beyond interface usability to 

include accessible explanations, adaptive interaction 

models, and equitable access to algorithmic services 

(Panarese et al., 2025). Rather than treating 

stakeholders as passive recipients of technology, UX 

design positions them as active contributors and co-

creators (Olsson, 2004). Hence, participatory design 

ensures that stakeholders are directly involved in the 

design process by participating in defining problems, 

selecting datasets, and evaluating outcomes (Bødker et 

al., 2022). 

2.3 Human agency and oversight models 

The tension between human agency and automation in 

organizations suggests that organizations should 

balance their productivity gains with professional 

(human) accountability (Taş et al., 2026). Therefore, 

oversight routines vary across different task types as 

transactional work offers limited intervention points, 

whereas collaborative and expert (knowledge) work 

provide more opportunities to assert human agency 

(Krakowski, 2025). In this context, where humans 

maintain meaningful control in human-AI interaction, 

the socio-technical nature of AI-enabled work is 

emphasized (Taş et al., 2026). 

To operationalize human agency, human oversight 

models have been proposed. Based on research over 

decades, scholars applied these models to human-AI 

interaction. The Human-in-the-Loop (HITL) model 

suggest direct human involvement in the AI decision-

making process. Human review, approve or modify AI 

outputs before actions are implemented (EU, 2018; 
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Kabata & Thaldar, 2024; Singh & Szajnfarber, 2026). 

HITL is typically applied in high-risk environments 

such as healthcare, criminal justice and finance 

(Kabata & Thaldar, 2024).  

The Human-on-the-Loop (HOTL) model offers 

lower level of intervention as in this instance, AI 

systems operate autonomously while a human 

supervisor continuously monitors its performance. The 

human operator can intervene or override decisions 

when necessary (EU, 2018; Maadi et al., 2021; Singh 

& Szajnfarber, 2026). HOTL is typically applied in 

semi-autonomous environments where human 

supervision is essential for safety and accountability, 

e.g., autopilot in commercial aviation or in autonomous 

vehicles. 

In the Human-in-Control (HIC) model, humans 

retain ultimate authority over the deployment, 

objectives, operation, and governance of AI systems 

rather than being based on individual decisions (EU, 

2018; Singh & Szajnfarber, 2026). Applying the HIC 

model, humans maintain strategic control (as opposed 

to operational monitoring only) as they determine 

when AI should be used, define the operational 

boundaries, establish governance mechanisms, and 

remain accountable for system outcomes (Taş et al., 

2026). 

Taş et al. (2026) present the concept of episodic 

oversight sequencing which suggests that human 

oversight should not be confined to a single approval 

point, but rather distributed across multiple workflow 

stages. 

3 Research methodology 

This paper aimed to investigate how UX design could 

be applied to preserve human agency in AI-driven 

interactions. The study achieved this aim by applying 

the analysis process suggested by Donthu et al. (2021), 

consisting of four steps: defining the aims and scope of 

the study; choosing the techniques for analysis; 

collecting the data for analysis and executing the 

analysis; and reporting the findings. The researchers 

applied the enrichment technique and created a 

network analysis (Donthu et al., 2021). 

The study executed a keyword search based on the 

research objectives and to collect the data for the 

analysis in Scopus, a large literature repository of peer-

reviewed abstract and citation data, applying the 

following keywords: ( TITLE-ABS-KEY ( human 

agency ) AND TITLE-ABS-KEY ( artificial 

intelligence ) AND TITLE-ABS-KEY ( human 

centered design ) ) AND ( LIMIT-TO ( LANGUAGE , 

"English" ) ). We specifically chose these keywords as 

we followed a focused strategy centered explicitly on 

human agency and UX as opposed to broader 

frameworks such as autonomy, human control, user 

agency and human-centered AI. The keyword search 

yielded a result set of 160 papers. The authors screened 

the papers and removed one duplicate, 18 papers 

unrelated to the research topic (e.g., assisted building 

design, media innovation, biomedical visualization, 

children’s fables, agriculture study, or animals), and 11 

papers that indeed related to the subject area but did not 

explicitly deal with human agency. Fig. 1 depicts the 

PRISMA reporting that resulted in 129 papers from the 

corpus for analysis. 

 

 
 

Figure 1. PRISMA reporting 

 

Fig. 2 demonstrates a gradual increase in the 

number of included studies over time, from a single 

study in 2014 and 2017–2018 to 13 studies in 2024. 

The highest number of studies was published in 2025 

(n = 54), followed by 2026 (n = 34). Overall, the 

findings indicate a substantial growth in research 

activity in recent years, with the majority of included 

studies published between 2024 and 2026. It must be 

noted that, as a cross-sectional study that was 

completed at a snapshot in time, the citations for 2026 

will still increase. 

 

 
 

Figure 2. Year of publication 

 

Table 1 presents the distribution of the 129 

publications according to publication type. Journal 

articles constituted the largest proportion of the corpus, 

accounting for 59 publications (46%). Conference 

papers represented the second-largest category, with 51 

publications (40%). Book chapters accounted for 12 

publications (9%), and books contributed five 

publications (4%). These publication types were less 

prevalent, yet they provided valuable theoretical 

perspectives and comprehensive discussions that 

complemented the journal and conference literature. 

Editorials constituted the smallest category, with only 

two publications (2%). 

 

Table 1. Paper type 
 

Publication type n % 
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Article 59 46% 

Book 5 4% 

Book chapter 12 9% 

Conference paper 51 40% 

Editorial 2 2% 

Grand Total 129 100% 

4 Data analysis 

The bibliometric information in the 129 papers was 

downloaded as a .RIS file and imported into 

VOSviewer version 1.6.20 (https://app.vosviewer.com/ 

). VOSviewer constructed and visualized the co-

occurrence data of the corpus, depicted in Fig. 3. The 

co-occurrence network consisted of four clusters 

extracted from 5695 terms, with 120 terms meeting the 

threshold of a minimum of ten occurrences per term.  

 
 

Figure 3. UX, Human agency, and AI cluster analysis 

 

Table 2. Cluster analysis description 
 

 
Items 

(n) 

Derived 

cluster label 
Cluster description 

1 33 Trust  

Trust must be built 

through consistent 

accountability 

mechanisms and 

genuine stakeholder 

responsiveness. 

2 18 

Transparency 

and 

Explainability 

Stakeholders must be 

able to understand, 

contest, and shape the 

AI systems that affect 

their lives, and not 

merely receive their 

outputs. 

3 11 
Inclusion and 

Accessibility 

Inclusive design 

should consider who 

the design excludes 

and what is required 

to reach them. 

4 10 
Embedded 

Ethics 

Ethics must be a 

structural feature of 

the design process, 

governance, and 

iteration cycle. 

 

Table 2 presents the four clusters in more detail, 

highlighting the cluster number, the number of themes 

in a cluster, and a detailed list of the themes. A cluster 

label and a short description were derived for each 

cluster from the cluster themes. 

5 Results 

This paper investigated the role of UX design in 

preserving human agency in AI-driven interactions. AI 

systems consist of algorithms, datasets, predictive 

models, and automated decision-making processes. 

Stakeholders bring lived experiences, cultural 

knowledge, values, needs, and expectations. UX may 

function as the socio-technical interface through which 

these domains interact. Based on the bibliographic 

coupling of the corpus, the clusters identified in Table 

2 are described in more detail in the following sections 

and visualized in Fig. 4.  

 

 
 

Figure 4. UX principles for preserving human agency 

in AI-driven interactions 

 

Fig. 4 illustrates the relationship between AI-driven 

systems, user experience (UX) design, and human 

agency outcomes. On the left, AI-driven systems are 

depicted as algorithms, data, machine learning models, 

automated decisions, and predictive recommendations 

that influence user interactions. At the centre of the 

visualization is User Experience (UX) Design, which 

serves as a socio-technical interface connecting AI 

systems with human outcomes. Four key UX design 

principles surround the central component. Together, 

these design principles shape positive human agency 

outcomes, including informed decision-making, 

human autonomy, meaningful participation, 

community empowerment, and human oversight of AI-

enabled decisions. 

5.1 Trust  

Trust emerged as a key requirement for preserving 

human agency in AI-driven interactions. Stakeholders 

are more willing to engage with AI systems when they 

perceive them as reliable, predictable, and aligned with 

their interests (Bach et al., 2024; Glikson & Woolley, 

2020). UX engenders trust through interaction 
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mechanisms that enable stakeholders to understand, 

monitor, and influence AI system behaviour, e.g., 

when farmers use an AI crop advisory system but can 

compare AI recommendations with historical local 

farming practices. In the context of trust, UX design 

emphasizes the importance of communicating system 

capabilities, limitations, confidence levels, and 

uncertainty to support appropriate reliance rather than 

merely accepting algorithmic outputs (Stimson & 

Raper, 2025). This status is achieved by creating 

interfaces that provide feedback, support user control, 

and enable system predictability across contexts (Nam 

& Ki Chan, 2025; Renata et al., 2023). Thus, UX 

design encourages informed reliance on AI systems, 

while providing opportunities for human judgment and 

intervention (Doh et al., 2025).  

5.2 Transparency and explainability 

Stakeholders can understand and contest AI-driven 

systems through a transparency and explainability lens. 

UX design holds that explanations should be 

meaningful, contextual, and tailored to the needs of 

different stakeholders, e.g., an AI welfare allocation 

system provides citizens with clear explanations of 

eligibility decisions and appeal processes (Bozkurt & 

Sharma, 2024). Transparency contributes to trust when 

stakeholders understand why a recommendation or 

decision has been generated and what factors influence 

the outcome (Zerilli et al., 2022). However, 

transparency alone is not sufficient if explanations are 

overly technical or merely create the illusion of 

openness without supporting genuine understanding, 

e.g., when a bank loan is denied by an AI system 

without providing the customer with reasons, nor the 

process for improving or appealing the decision 

(Rudin, 2019; Xie et al., 2020). UX design ensures 

multi-layered, visual representations and interactive 

feedback mechanisms (Bozkurt & Sharma, 2024). 

5.3 Inclusion and accessibility 

The inclusion and accessibility cluster highlights the 

importance of ensuring that AI systems serve diverse 

stakeholders rather than reinforcing social inequalities 

through underrepresented training data, e.g., using AI 

systems trained predominantly on data from one 

demographic group in healthcare (Murphy & 

Largacha-Martínez, 2022; Panarese et al., 2025). 

Underrepresentation might also be included in training 

data based on minority language speakers, differently 

abled people, rural populations, and historically 

marginalized communities. For example, AI services 

through mobile phones and short message service 

(SMS) are unavailable to stakeholders without 

broadband internet access, or with indigenous language 

interfaces that do not enable participation by 

stakeholders who are typically excluded from 

mainstream AI systems (Cunningham et al., 2025). 

Inclusive UX design extends beyond usability and 

addresses inequities through accessible interface, 

adaptive interaction models, and culturally sensitive 

design practices (Jacucci et al., 2014; Nkwo et al., 

2025). Hence, by treating stakeholders as co-creators 

rather than passive users, UX design supports more 

equitable outcomes and reduces the likelihood of 

exclusion, ensuring the incorporation of local contexts, 

values, and knowledge structures into AI systems 

(Ahrweiler et al., 2025; Stimson & Raper, 2025). 

5.4 Embedded ethics 

Embedded ethics imply that ethical considerations 

should be integrated into the design and governance of 

AI systems rather than applied retrospectively (after 

deployment), e.g., stakeholders participate in defining 

acceptable uses of their data before AI development 

begins (Bryson, 2018; Sanderson et al., 2023). UX 

designers operationalize principles, such as fairness, 

accountability, contestability, privacy, and human-

centred values, throughout the system lifecycle by 

translating them into practical design features that 

stakeholders can experience and evaluate 

(Papagiannidis et al., 2025). This outcome is achieved 

through interface design that makes responsibility 

visible and actionable, identifies risks, and evaluates 

impacts throughout development (Lindgren et al., 

2025; Young et al., 2019). UX design supports human 

agency and embedded ethics by ensuring that AI 

systems remain accountable to the stakeholders they 

serve by balancing automation with human oversight, 

fairness, and user control (Bryson, 2018; Mittelstadt et 

al., 2016). 

6 Conclusion 

The objective of this paper was to understand how UX 

design could be applied to maintain human agency in 

AI-driven interactions. The study analyzed 129 papers 

by applying the PRISMA method. Subsequently, a 

conceptual framework was derived consisting of four 

UX design considerations: trust, transparency and 

explainability, inclusion and accessibility, and 

embedded ethics, as key responsible AI design 

dimensions for preserving human agency. These 

considerations elevate AI system design beyond 

technological capability towards human 

empowerment. It emphasizes systems that enable 

meaningful participation, informed decision-making, 

and effective human oversight, i.e., human agency. 

Methodological decisions such as restricting the 

review to Scopus-indexed publications and applying 

predefined search terms, were addressed in the 

methodology section. However, these limitations also 

provide opportunities for future research. Future 

empirical studies should validate the proposed 

conceptual framework across discrete AI system 

domains. In addition, future research could investigate 

the experiences of diverse and underrepresented user 
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groups to ensure that AI systems support agency 

inclusively and equitably.  
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