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ABSTRACT: This study develops a theoretical framework explaining decision legitimacy in AI-enabled organizations as an emergent outcome 

of the interplay between algorithmic authority and human judgment. Drawing on institutional theory, socio-technical systems, and behavioral 

decision-making, it identifies procedural, distributive, and cognitive legitimacy as key dimensions. While AI enhances efficiency and 

consistency, legitimacy depends on transparency, explainability, and perceived fairness. Algorithmic authority may both strengthen and 

undermine legitimacy, whereas human judgment remains essential for contextual interpretation and accountability. The study advances 

multilevel propositions and outlines a research agenda for examining legitimacy in hybrid human–AI decision systems. 
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INTRODUCTION 

The pervasive integration of artificial intelligence within organizational structures has reconfigured traditional decision-making paradigms, 

extending AI from a supportive tool to an active participant in decision formulation, implementation, and monitoring (Shi, 2026). This 

transformation necessitates a critical rethinking of established organizational theories, particularly due to the fundamental differences between 

human cognition and algorithmic processing (Shrestha et al., 2019). As AI increasingly participates in managerial tasks, important questions 

emerge regarding the allocation of decision rights within hybrid human–AI systems (Westover, 2025). In this context, traditional approaches 

grounded in human intuition and experience are increasingly challenged by AI’s data-driven reasoning capabilities, which can simultaneously 

enhance and potentially displace human judgment (Upase, 2026). 

Within this evolving landscape, organizations face a fundamental challenge in maintaining decision legitimacy as AI systems—often described as 

“invisible managers” or “shadow executives”—increasingly shape strategic and operational outcomes without clear accountability structures 

(Gharaibeh, 2026; Badgami, 2025). This development creates a significant “responsibility gap,” requiring new governance models suited to the 

emerging “algocratic” era (“Trust and Responsibility in AI-Driven Leadership: Accountability for Ai Decisions,” 2026). Consequently, the 

increasing delegation of decision authority to AI raises pressing concerns regarding organizational legitimacy and alignment with broader societal 

values (Alhosani & Alhashmi, 2024). 

In AI-enabled organizations, decision legitimacy depends on balancing the efficiency and predictive power of AI with human values, ethical 

considerations, and accountability requirements (Demirsoy, 2025; Gharaibeh, 2026). This necessitates a deeper understanding of how human 

actors perceive, interpret, and accept algorithmic influence in managerial processes, particularly as AI systems begin to perform leadership-like 

functions (Gladden et al., 2022; Haesevoets et al., 2021). Accordingly, human interpretive judgment remains central to organizational coordination 

and governance, especially in contexts where algorithmic outputs require contextualization and sensemaking (Hillebrand et al., 2025; Raisch & 

Krakowski, 2021). 

Building on these gaps, this study develops a comprehensive theoretical framework of decision legitimacy in AI-enabled organizations, 

conceptualized as an emergent outcome of the dynamic interplay between algorithmic authority and human judgment. Rather than treating 

legitimacy as a static property of decisions or systems, the proposed framework positions it as a socially constructed and multilevel phenomenon 

shaped by technological, organizational, and cognitive dynamics. Drawing on institutional theory, socio-technical systems thinking, and behavioral 

decision-making literature, the framework identifies three core dimensions of legitimacy in AI contexts: procedural legitimacy (perceived fairness 

and transparency of decision processes), distributive legitimacy (perceived fairness of outcomes), and cognitive legitimacy (the extent to which 

AI-driven decisions are understood, accepted, and taken for granted). These dimensions are continuously reshaped as algorithmic systems become 

more deeply embedded in decision-making processes traditionally reserved for human actors. 

Therefore, a multilevel framework is required to explain how algorithmic authority and human judgment interact to shape decision legitimacy 

across individual, group, and organizational levels (Esch, 2026). This requires integrating management theory, information systems research, and 

organizational ethics to conceptualize responsible AI as a dynamic capability rather than a static technological artifact (Akbarighatar, 2024; 

Hossain et al., 2025a, 2025b). Within this interaction, algorithmic authority does not exert a uniform influence on legitimacy perceptions; rather, 
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its effects are contingent on conditions such as transparency, explainability, perceived fairness, and accountability structures. At the same time, 

human judgment plays a critical role in providing contextual interpretation, ethical evaluation, and responsibility attribution, thereby shaping 

whether AI-supported decisions are perceived as legitimate or contested. 

Accordingly, key trade-offs—such as efficiency versus fairness and transparency versus control must be continuously managed through 

explainability practices, human–AI collaboration, and accountability mechanisms (Reddy et al., 2026). Multilevel governance structures are 

therefore essential to address ethical risks such as bias, opacity, and diffused accountability while preserving meaningful human oversight in 

strategic decision-making (Choung et al., 2023; Mohammed et al., 2025; Pöhler et al., 2024). By incorporating transparency mechanisms, fairness 

audits, and structured human–algorithm complementarity, organizations can sustain normative legitimacy while leveraging the analytical power 

of AI systems (Batool et al., 2025; Oladele et al., 2024). Ultimately, such governance architectures position responsible AI not merely as a technical 

requirement but as a core organizational capability that enhances both resilience and legitimacy in hybrid decision systems (Madanchian & 

Taherdoost, 2025). 

Based on this conceptualization, the study develops a set of theoretical propositions outlining the conditions under which hybrid human–AI 

decision-making structures enhance or undermine legitimacy across individual, organizational, and societal levels. These propositions aim to guide 

future empirical research and advance theory development in this emerging domain. Finally, the paper is structured as follows: the next section 

reviews the relevant literature on AI in organizational decision-making and legitimacy, followed by the presentation of the proposed theoretical 

framework and propositions. The paper concludes by outlining a future research agenda and discussing implications for the design of responsible, 

transparent, and legitimate AI-enabled decision systems. 

 

2. LITERATURE REVIEW 

2.1. Organizational Legitimacy and Decision Legitimacy 

Organizational legitimacy is a foundational construct in institutional theory, defined as the generalized perception that organizational actions are 

desirable, proper, and appropriate within socially constructed systems of norms and beliefs (Suchman, 1995). Early institutional scholarship 

conceptualized legitimacy as a macro-level survival mechanism shaped by institutional isomorphism and conformity pressures (DiMaggio & 

Powell, 1983; Meyer & Rowan, 1977). However, subsequent research has increasingly emphasized the micro-foundations of legitimacy, arguing 

that legitimacy is not only structurally conferred but also cognitively constructed through individual-level evaluations (Bitektine & Haack, 2015; 

Tost, 2011). 

Within this evolving literature, decision legitimacy has emerged as a distinct construct focusing on the perceived appropriateness of specific 

organizational decisions rather than organizational entities as a whole. Decision legitimacy is typically grounded in procedural justice, distributive 

justice, and interactional fairness (Colquitt et al., 2001; Greenberg, 1990). Empirical evidence consistently shows that individuals may accept 

unfavorable outcomes if the decision-making process is perceived as fair and transparent (Tyler, 2006; Tyler & Blader, 2003). This suggests that 

legitimacy is not outcome-dependent but process-sensitive, relying heavily on perceived fairness and trust in decision authority. Importantly, 

legitimacy is not static but socially constructed and context-dependent. It evolves through institutionalization processes in which repeated actions 

become taken-for-granted norms (Suddaby et al., 2017; Scott, 2014). This dynamic nature becomes particularly complex when decision authority 

shifts from human actors to algorithmic systems. 

2.2. Algorithmic Decision-Making in Organizations 

The increasing integration of artificial intelligence into organizational decision-making has fundamentally altered traditional governance structures. 

Algorithmic decision-making (ADM) refers to the use of computational systems that process large-scale data to generate or support decisions 

traditionally made by humans (Kellogg et al., 2020; Raisch & Krakowski, 2021). ADM systems are widely adopted in areas such as recruitment, 

performance evaluation, credit scoring, and resource allocation due to their efficiency, scalability, and perceived objectivity. 

However, while ADM is often associated with rationality and neutrality, critical scholarship challenges this assumption by demonstrating that 

algorithms embed structural biases derived from historical data and design choices (Barocas & Selbst, 2016; Noble, 2018). Consequently, 

algorithmic outputs are not neutral but reflect socio-technical assemblages shaped by human design and institutional context (Mittelstadt et al., 

2016; Burrell, 2016). 

Furthermore, ADM systems disrupt conventional accountability structures. Unlike human decision-makers, algorithms lack intentionality and 

moral agency, creating a “responsibility gap” in organizational decision processes (Danaher et al., 2017; Kroll et al., 2017). This diffusion of 

responsibility complicates legitimacy attribution, as stakeholders struggle to determine whether accountability lies with developers, organizations, 

or the algorithm itself. 

2.3. Algorithmic Authority versus Human Judgment 

A central tension in the literature concerns the comparative authority of algorithmic systems and human decision-makers. Human judgment has 

traditionally been valued for its contextual sensitivity, ethical reasoning, and adaptive flexibility (Highhouse, 2008; Kahneman, 2011). In contrast, 

algorithms are valued for consistency, scalability, and resistance to cognitive bias (Logg et al., 2019). 

This contrast has led to the conceptualization of algorithmic authority, defined as the degree to which decision legitimacy is attributed to 

algorithmic outputs rather than human judgment (Kellogg et al., 2020). Empirical studies suggest that algorithmic authority is conditional rather 

than absolute. Individuals tend to prefer algorithmic decisions in structured, data-rich environments, whereas human judgment is preferred in 

ambiguous or morally sensitive contexts (Lee, 2018; Castelo et al., 2019). 

From a cognitive perspective, this preference structure is shaped by heuristic processing, where individuals associate algorithms with objectivity 

and humans with subjectivity (Kahneman, 2011). From an institutional perspective, legitimacy is embedded in normative expectations about 

appropriate authority distribution (Tost, 2011; Suddaby et al., 2017). The interplay between these mechanisms highlights the need for a multilevel 

framework that integrates cognitive and institutional dimensions of algorithmic authority. 
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2.4. Transparency, Fairness, and Trust in Algorithmic Systems 

Transparency is widely considered a key determinant of algorithmic legitimacy, defined as the extent to which algorithmic logic and decision rules 

are understandable to stakeholders (Ananny & Crawford, 2018; Burrell, 2016). However, transparency is inherently constrained by the complexity 

of machine learning systems, often resulting in “black box” decision processes that limit interpretability (Zerilli et al., 2019).  Fairness is another 

central dimension of algorithmic legitimacy, encompassing both procedural and distributive justice considerations. Research demonstrates that 

perceived fairness significantly influences acceptance of algorithmic decisions, particularly in high-stakes domains such as employment and justice 

systems (Binns et al., 2018; Lee, 2018). Importantly, fairness perceptions are not solely determined by outcomes but also by the perceived 

legitimacy of the decision process. 

Trust functions as a mediating mechanism between transparency, fairness, and legitimacy. Trust in algorithmic systems is typically grounded in 

perceived competence but is highly sensitive to perceived errors and lack of explainability (Mayer et al., 1995; Glikson & Woolley, 2020). Notably, 

research on algorithm aversion shows that individuals may reject algorithmic systems after observing even minor errors, despite their superior 

average performance (Dietvorst et al., 2015). This indicates that trust in algorithmic systems is fragile and context-dependent. 

2.5. The Paradox of Algorithmic Legitimacy 

A key insight emerging from the literature is the paradoxical nature of algorithmic legitimacy. On one hand, algorithmic systems enhance 

legitimacy through perceived objectivity, consistency, and data-driven decision-making (Logg et al., 2019). On the other hand, they undermine 

legitimacy due to opacity, lack of accountability, and perceived dehumanization (Glikson & Woolley, 2020; Bitektine & Haack, 2015). This duality 

generates what can be conceptualized as an algorithmic legitimacy paradox, in which the same system simultaneously strengthens and weakens 

legitimacy depending on contextual interpretation. Existing research has largely treated these effects separately, without fully integrating their 

interactive and dynamic nature. 

The paradox is further intensified by the socio-technical nature of algorithmic systems, which are neither purely technical nor purely social but 

hybrid constructs shaped by institutional, organizational, and cognitive forces (Mittelstadt et al., 2016; Faraj et al., 2018). This hybridity 

complicates traditional legitimacy frameworks and necessitates a more integrative theoretical approach. 

2.6. Toward a Multilevel Theory of Decision Legitimacy 

Existing literature remains fragmented across analytical levels. Micro-level studies focus on individual cognition and perception (Tost, 2011), 

meso-level studies examine organizational implementation practices (Kellogg et al., 2020), while macro-level research addresses institutional 

norms and legitimacy structures (DiMaggio & Powell, 1983; Scott, 2014). However, these levels are often treated independently, limiting 

theoretical integration. 

A multilevel perspective is essential for understanding decision legitimacy in AI-augmented organizations. At the micro level, individuals interpret 

algorithmic decisions through cognitive heuristics and fairness perceptions. At the meso level, organizational governance structures mediate how 

algorithms are deployed, explained, and legitimized. At the macro level, institutional environments define normative expectations regarding 

acceptable forms of decision authority (Deephouse et al., 2017; Suddaby et al., 2017). Integrating these levels allows for a more comprehensive 

theory of decision legitimacy that captures the interaction between algorithmic authority and human judgment. Such a framework advances current 

literature by moving beyond static, single-level explanations toward a dynamic, multilevel understanding of legitimacy construction in AI-

augmented organizations. 

 

3. CONCEPTUAL FRAMEWORK: DECİSİON LEGİTİMACY İN AI-ENABLED ORGANİZATİONS 

3.1. Algorithmic Authority 

The growing integration of artificial intelligence into organizational decision-making processes has given rise to a new form of authority—

algorithmic authority. Unlike traditional forms of authority grounded in hierarchy or professional expertise, algorithmic authority derives its 

legitimacy from perceived objectivity, data-driven rationality, and computational accuracy (Gillespie, 2014; Beer, 2017). AI systems are often 

viewed as impartial and consistent decision-makers, which can enhance trust in decision outcomes (Brynjolfsson & McAfee, 2017). However, this 

perception is not unproblematic. 

Algorithmic authority is inherently shaped by underlying data structures, model assumptions, and design choices, which may remain opaque to 

users (Pasquale, 2015). This opacity introduces challenges related to transparency and explainability, potentially undermining the perceived 

legitimacy of decisions (Burrell, 2016). Consequently, algorithmic authority operates as a double-edged construct: it can both reinforce and erode 

decision legitimacy depending on how it is perceived and enacted within organizational contexts. 

3.2. Human Judgment 

Despite the increasing reliance on AI systems, human judgment remains a central component of organizational decision-making. Human actors 

contribute contextual awareness, ethical reasoning, and interpretive flexibility—capabilities that are not easily replicated by algorithmic systems 

(Kahneman, 2011; Simon, 1997). In AI-enabled environments, human judgment plays a critical role in validating, contesting, or overriding 

algorithmic outputs (Davenport & Kirby, 2016). 

Moreover, human involvement is essential for assigning responsibility and accountability, particularly in complex or morally ambiguous decisions 

(Binns, 2018). The presence (or absence) of human oversight significantly influences how stakeholders perceive the fairness and legitimacy of 

decisions. Therefore, rather than being replaced, human judgment interacts dynamically with algorithmic authority, shaping the overall legitimacy 

of decision processes. 

3.3. Dimensions of Decision Legitimacy 

Building on prior literature, this study conceptualizes decision legitimacy as a multidimensional construct consisting of procedural, distributive, 

and cognitive dimensions (Suchman, 1995). 
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Procedural legitimacy refers to the perceived fairness, transparency, and consistency of decision-making processes. In AI-enabled contexts, 

procedural legitimacy is closely tied to factors such as explainability and the visibility of decision rules (Burrell, 2016). 

Distributive legitimacy concerns the perceived fairness of decision outcomes, including whether results are equitable and unbiased. Algorithmic 

bias and data-driven inequalities pose significant challenges to distributive legitimacy (O’Neil, 2016). 

Cognitive legitimacy reflects the extent to which decisions are understandable, acceptable, and taken for granted by organizational members 

(Suchman, 1995). The complexity and opacity of AI systems can hinder the development of cognitive legitimacy, particularly when users lack 

sufficient understanding of how decisions are produced (Pasquale, 2015). 

These dimensions are interrelated and jointly shape the overall perception of legitimacy in AI-supported decision-making environments. 

3.4. An Integrative Framework 

Integrating the above elements, this study proposes that decision legitimacy in AI-enabled organizations emerges from the dynamic interplay 

between algorithmic authority and human judgment across multiple levels of analysis. 

Algorithmic authority influences legitimacy by enhancing efficiency and consistency, but may simultaneously undermine it through opacity and 

perceived lack of accountability (Pasquale, 2015; Burrell, 2016). Human judgment, in turn, acts as a moderating and interpretive mechanism that 

can either reinforce or challenge algorithmic outputs (Davenport & Kirby, 2016). The balance between these two forces determines how legitimacy 

is constructed and sustained. Furthermore, this relationship is contingent upon key boundary conditions, including transparency, explainability, 

perceived fairness, and accountability structures (Binns, 2018). These conditions shape whether algorithmic authority is accepted as a legitimate 

basis for decision-making or resisted as a source of uncertainty and distrust. 

Accordingly, decision legitimacy should be understood not as a fixed outcome, but as an evolving and context-dependent phenomenon that is 

continuously negotiated within hybrid human–AI decision systems. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. A Multilevel Framework of Decision Legitimacy in AI-Enabled Organizations 

 

4. THEORETİCAL PROPOSİTİONS 

Building on the proposed conceptual framework, this study develops a set of theoretical propositions that explain how the interaction between 

algorithmic authority and human judgment shapes decision legitimacy in AI-enabled organizations. 

P1. Algorithmic authority is positively associated with perceived procedural legitimacy when decision processes are transparent and explainable. 

P2. Algorithmic authority is negatively associated with procedural legitimacy when decision processes are perceived as opaque or 

incomprehensible. 

P3. Algorithmic authority is positively associated with distributive legitimacy when outcomes are perceived as unbiased and data-driven. 

P4. Algorithmic authority is negatively associated with distributive legitimacy when algorithmic bias or data inequality is perceived. 

P5. Human judgment positively influences cognitive legitimacy by enhancing the interpretability and contextual understanding of AI-supported 

decisions. 

P6. Human involvement in decision-making processes strengthens perceptions of accountability, thereby increasing overall decision legitimacy. 

P7. The positive effect of algorithmic authority on decision legitimacy is strengthened when complemented by human judgment. 

P8. The absence of human oversight weakens the relationship between algorithmic authority and perceived legitimacy. 

P9. The relationship between algorithmic authority and decision legitimacy varies across levels (individual, organizational, societal). 

P10. Hybrid human–AI decision systems are more likely to generate sustained legitimacy when transparency, fairness, and accountability 

conditions are jointly satisfied. 

 

5. DİSCUSSİON 

This study develops a multilevel theoretical framework to explain how decision legitimacy emerges in AI-enabled organizational contexts, where 

algorithmic authority and human judgment coexist, interact, and occasionally conflict. Building on the proposed theoretical propositions, the 

findings suggest that legitimacy in such environments is neither inherently derived from technological sophistication nor solely from human 
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oversight, but rather from the dynamic alignment between algorithmic outputs and socially constructed expectations of fairness, accountability, 

and transparency. This interpretation is consistent with foundational perspectives that conceptualize legitimacy as a generalized perception of 

appropriateness within socially constructed systems of norms and values (Suchman, 1995). 

A central insight of this study is that algorithmic authority does not operate in isolation; instead, it is continuously interpreted, contested, and 

validated by human actors across organizational levels. While algorithms provide consistency, efficiency, and data-driven rationality, these features 

alone are insufficient to ensure legitimacy. Rather, legitimacy emerges when organizational members perceive algorithmic decisions as 

understandable, justifiable, and aligned with shared norms and values (Suchman, 1995; Meyer & Rowan, 1977). This aligns with emerging research 

emphasizing that procedural fairness, transparency, and explainability are essential for fostering trust in AI systems (Dwork et al., 2012; Wachter, 

Mittelstadt, & Russell, 2017). 

Furthermore, the framework demonstrates that human judgment retains a critical yet transformed role in AI-enabled decision-making processes. 

Rather than being displaced, human actors function as sensemakers, moderators, and legitimizers of algorithmic outputs. This reflects a shift 

toward hybrid governance structures in which legitimacy is co-produced through ongoing interaction between human and algorithmic agents. Prior 

research similarly highlights the importance of human-centered design in ensuring that AI systems remain interpretable, accountable, and aligned 

with organizational objectives (Shneiderman, 2020; Davenport & Ronanki, 2018). However, tensions may arise when algorithmic 

recommendations conflict with human intuition or ethical considerations, potentially leading to legitimacy breakdowns or resistance behaviors 

(Yeung, 2018; Mittelstadt et al., 2016). 

At the multilevel perspective, legitimacy is shaped through the interaction of individual cognition, organizational structures, and institutional 

environments. At the individual level, cognitive trust and perceived procedural fairness influence acceptance of AI outputs (Dwork et al., 2012). 

At the organizational level, governance mechanisms, transparency practices, and accountability structures determine how algorithmic decisions 

are communicated and justified (Davenport & Ronanki, 2018). At the institutional level, regulatory frameworks, cultural expectations, and societal 

norms define the boundaries of acceptable algorithmic authority (Meyer & Rowan, 1977; Yeung, 2018). Together, these levels underscore that 

legitimacy is an emergent, dynamic, and context-dependent process rather than a static organizational attribute. 

From a future research perspective, this study highlights the importance of examining subjective experiences and cognitive construals of 

individuals interacting with AI systems to better understand trust and accountability in evolving organizational contexts (Cabiddu et al., 2022; 

Ossa et al., 2024; Schmidt et al., 2025). To enhance generalizability, future studies should employ large-scale quantitative research designs and 

extend analyses beyond European contexts to capture cultural and institutional variation in AI adoption (Stahl et al., 2021). Comparative sectoral 

studies—particularly in FinTech and supply chain management—are also necessary to examine how industry-specific conditions shape AI bias 

and ethical risks (Sharabati et al., 2024). 

Longitudinal research is essential to capture how AI reshapes organizational processes, structures, and performance over time, as well as how 

human–AI collaboration evolves across stages of technological integration (Leoni et al., 2024). Future studies should also investigate AI’s role in 

complex decision domains such as negotiation and conflict resolution, where its capabilities remain limited, to better understand hybrid intelligence 

development (Sudeeptha et al., 2024). In parallel, deeper attention must be given to ethical concerns such as algorithmic bias, employee 

marginalization, and decision opacity, reinforcing the need for robust frameworks of fairness, accountability, and transparency in AI systems 

(Wójcik, 2025). 

Moreover, understanding organizational culture for effective human–AI teaming is critical, particularly cultural conditions that foster trust and 

adaptive collaboration (Dima et al., 2024). Employee attitudes toward AI—including ambivalence and resistance—should also be examined as 

key determinants of implementation success (Chiu et al., 2021). Future research should further assess the long-term effects of externally sourced 

AI systems, distinguishing between customizable and off-the-shelf solutions and comparing outcomes across developing and user firms (Malik et 

al., 2020). This includes analyzing impacts on resource allocation, organizational restructuring, and human resource practices (Enholm et al., 2021; 

Wójcik, 2024). 

Finally, longitudinal studies on human–AI relationships are needed to understand how these interactions evolve over time, including their 

developmental stages and ethical implications (Koponen et al., 2023). Particular attention should be given to the long-term consequences of 

repeated interaction with AI supervisors, especially regarding compliance with potentially unethical instructions (Lanz et al., 2023). Overall, 

decision legitimacy in AI-enabled organizations depends not only on algorithmic performance but on the extent to which AI systems are embedded 

within transparent, accountable, and human-centered governance structures; otherwise, organizations risk diminished trust, resistance, and 

weakened effectiveness of AI-driven transformation processes (Davenport & Ronanki, 2018; Shneiderman, 2020). 

 

6. THEORETİCAL IMPLİCATİONS 

This study offers several important theoretical contributions to the emerging literature on artificial intelligence (AI) in organizations, decision-

making, and organizational legitimacy. By developing a multilevel framework that integrates algorithmic authority and human judgment, the study 

advances existing theory in three key ways: by extending legitimacy theory into AI-enabled contexts, by reconceptualizing authority as hybrid and 

relational, and by introducing a multilevel perspective that bridges micro, meso, and macro domains. 

First, the study contributes to organizational legitimacy theory by extending its scope to algorithmically mediated environments. Traditional 

conceptualizations of legitimacy emphasize social acceptance, institutional conformity, and normative alignment within human-centered systems 

(Suchman, 1995; Meyer & Rowan, 1977). However, these perspectives largely assume that authority is exercised by human actors or formal 

institutions. This study challenges that assumption by demonstrating that algorithms themselves can function as quasi-authoritative agents, shaping 

perceptions of appropriateness and influencing decision outcomes. In doing so, it introduces the concept of algorithmic legitimacy as a distinct yet 

interdependent dimension of organizational legitimacy. This extension responds to recent calls for rethinking core organizational constructs in 

light of digital transformation and algorithmic governance (Mittelstadt et al., 2016; Yeung, 2018). 
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Second, the study advances theory by reconceptualizing authority as a hybrid and relational construct. Rather than viewing algorithmic authority 

and human judgment as competing or mutually exclusive, the proposed framework positions them as co-evolving and interdependent sources of 

influence. This perspective challenges deterministic narratives that portray AI as either replacing or subordinating human decision-making. Instead, 

it aligns with emerging research emphasizing human–AI complementarity and augmentation (Davenport & Ronanki, 2018; Shneiderman, 2020). 

Theoretically, this shift implies that authority in contemporary organizations is no longer located solely within hierarchical structures or formal 

roles but is distributed across socio-technical systems. As a result, legitimacy must be understood as co-produced through ongoing interactions 

between human cognition and algorithmic processes. 

Third, the study contributes to the literature by adopting a multilevel perspective that integrates individual, organizational, and institutional 

dimensions of legitimacy. While prior research often examines legitimacy at a single level, this study demonstrates that legitimacy in AI-enabled 

organizations emerges from cross-level interactions. At the individual level, cognitive trust, perceived fairness, and interpretability shape how 

actors evaluate algorithmic decisions (Dwork et al., 2012). At the organizational level, governance structures, transparency mechanisms, and 

accountability systems influence how algorithmic outputs are framed and justified (Davenport & Ronanki, 2018). At the institutional level, broader 

regulatory, cultural, and normative frameworks define the boundaries of acceptable algorithmic authority (Meyer & Rowan, 1977; Yeung, 2018). 

By integrating these levels, the study contributes to a more holistic and dynamic understanding of legitimacy as an emergent, context-dependent 

phenomenon. 

Fourth, the study enriches the growing literature on AI ethics and governance by linking technical attributes of AI systems—such as fairness, 

transparency, and explainability—to broader organizational and institutional processes. While prior research has extensively examined these 

attributes from a technical or normative perspective (Dwork et al., 2012; Wachter et al., 2017), this study embeds them within a legitimacy 

framework, thereby connecting micro-level system characteristics with macro-level perceptions of appropriateness and trustworthiness. This 

integration provides a theoretical bridge between algorithmic design and organizational outcomes, highlighting that ethical AI is not only a 

technical challenge but also a socio-organizational one. 

Finally, the study contributes by reframing legitimacy as a dynamic and continuously negotiated construct in AI-enabled environments. Unlike 

traditional views that treat legitimacy as relatively stable once established, the proposed framework emphasizes its fluid and processual nature. 

The presence of opaque, adaptive, and evolving algorithmic systems introduces new sources of uncertainty, requiring ongoing justification and 

validation of decisions. This perspective aligns with contemporary shifts in organizational theory toward process-based and relational 

understandings of key constructs, and it underscores the need to conceptualize legitimacy as an ongoing accomplishment rather than a static 

attribute (Mittelstadt et al., 2016). 

Taken together, these contributions not only extend existing theoretical boundaries but also open new avenues for integrating organizational theory 

with the rapidly evolving field of AI. By positioning legitimacy at the intersection of technology, human cognition, and institutional structures, 

the study provides a robust foundation for future theory-building efforts in AI-enabled organizational research. 

 

7. PRACTİCAL IMPLİCATİONS 

This study offers several practical implications for managers, policymakers, and system designers operating in AI-enabled organizational 

environments. As organizations increasingly rely on algorithmic systems to support or fully automate decision-making processes, the question of 

how to ensure decision legitimacy becomes not only a theoretical concern but also a critical managerial challenge. 

First, the findings suggest that organizations should not assume that the technical accuracy or efficiency of AI systems is sufficient to guarantee 

acceptance of algorithmic decisions. Instead, legitimacy depends heavily on how these systems are perceived by organizational members. 

Therefore, managers should prioritize the development of transparent, explainable, and communicable AI systems. Providing clear rationales for 

algorithmic outputs can significantly enhance perceived fairness and reduce resistance to AI-driven decisions. This aligns with prior research 

emphasizing the importance of explainability and transparency in fostering trust in algorithmic systems (Wachter, Mittelstadt, & Russell, 2017; 

Shneiderman, 2020). 

Second, organizations should actively design hybrid decision-making structures that integrate human judgment with algorithmic recommendations. 

Rather than fully delegating decisions to AI systems, organizations benefit from maintaining human oversight, particularly in contexts involving 

ethical ambiguity, high uncertainty, or high stakeholder impact. Human actors play a crucial role in interpreting, contextualizing, and validating 

algorithmic outputs. This hybrid governance approach not only enhances decision quality but also strengthens perceptions of procedural justice 

and legitimacy (Davenport & Ronanki, 2018). 

Third, the study highlights the importance of developing organizational capabilities that support algorithmic literacy among employees and 

managers. Without a basic understanding of how AI systems generate outputs, organizational members may perceive algorithmic decisions as 

opaque or arbitrary, which can undermine trust and acceptance. Training programs that enhance AI literacy and foster critical engagement with 

algorithmic systems can help bridge this gap and enable more informed interactions between humans and AI systems. 

Fourth, at the organizational level, firms should establish formal governance mechanisms to regulate the use of AI in decision-making processes. 

This includes defining accountability structures, setting ethical guidelines, and ensuring that responsibility for algorithmic outcomes is clearly 

assigned. Such mechanisms are essential for maintaining institutional legitimacy and ensuring that AI systems are perceived as fair, accountable, 

and aligned with organizational values (Yeung, 2018; Mittelstadt et al., 2016). 

Fifth, the findings suggest that attention must be paid to the emotional and psychological responses of employees to algorithmic decision-making. 

The introduction of AI systems may generate uncertainty, perceived loss of autonomy, or concerns about surveillance and control. Organizations 

should therefore implement change management strategies that address these concerns proactively, emphasizing the supportive and augmentative 

role of AI rather than its substitutive potential. This can help mitigate resistance and foster a more positive acceptance of AI-enabled transformation. 
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Finally, policymakers and regulators should consider the broader implications of algorithmic authority in organizational contexts. As AI systems 

become increasingly embedded in decision-making processes, there is a growing need for regulatory frameworks that ensure transparency, fairness, 

and accountability. Such frameworks should not only focus on technical standards but also address the social and organizational dimensions of 

algorithmic governance. 

Overall, the practical implications of this study underscore that successful AI integration is not solely a technological challenge but a socio-

organizational one. Organizations that recognize the importance of legitimacy, human judgment, and multilevel governance will be better 

positioned to harness the benefits of AI while minimizing resistance and unintended consequences. 

 

8. FUTURE RESEARCH AGENDA 

Building on the proposed multilevel framework and theoretical propositions, this study opens several promising avenues for future research on 

decision legitimacy in AI-enabled organizations. In particular, future studies can extend, test, and refine the relationships articulated in the 

propositions by adopting diverse methodological approaches and contextual settings. 

First, future research should empirically test the proposed relationships between algorithmic authority, human judgment, and perceived decision 

legitimacy. While this study offers a conceptual foundation, Proposition 1 and Proposition 2 suggest that legitimacy is shaped by the interaction 

between perceived algorithmic authority and human interpretive processes. Quantitative studies using survey-based designs could examine how 

perceptions of algorithmic explainability, transparency, and fairness influence legitimacy outcomes across different organizational roles and 

hierarchical levels. Experimental designs may also be useful in isolating causal effects of algorithmic versus human decision framing on legitimacy 

perceptions. 

Second, longitudinal research designs are needed to better understand the dynamic and evolving nature of legitimacy proposed in Proposition 3. 

Since legitimacy is conceptualized as a continuously negotiated process rather than a static outcome, future studies should investigate how 

legitimacy perceptions change over time as employees gain experience with AI systems. Such studies could explore whether initial resistance to 

algorithmic authority diminishes with familiarity or whether sustained exposure leads to institutionalized acceptance or persistent skepticism. 

Third, future research should further explore the multilevel mechanisms outlined in Proposition 4 by examining cross-level interactions between 

individual, organizational, and institutional factors. Multi-level modeling approaches could be used to assess how individual-level trust in AI 

interacts with organizational governance structures and institutional norms to shape legitimacy perceptions. Comparative studies across industries 

or cultural contexts would also be particularly valuable in identifying boundary conditions for the proposed framework. 

Fourth, qualitative research approaches such as case studies and ethnographic investigations could deepen understanding of how human actors 

actively interpret and negotiate algorithmic authority in practice. Such approaches would be particularly useful for unpacking the micro-level 

cognitive and behavioral processes underlying Proposition 2, where human judgment is conceptualized as a moderator of algorithmic decision 

acceptance. In-depth organizational studies could reveal how legitimacy is co-constructed through everyday interactions between employees and 

AI systems. 

Fifth, future research should examine boundary conditions that may weaken or strengthen the relationships proposed in the framework. For 

instance, Proposition 5 suggests that contextual factors such as task complexity, decision criticality, and ethical sensitivity may moderate the 

relationship between algorithmic authority and legitimacy. Investigating these contingencies would help refine the generalizability of the model 

and provide more nuanced insights into when algorithmic decision-making is more or less likely to be perceived as legitimate. 

Finally, future studies should extend the framework to emerging technological contexts, such as generative AI, autonomous agents, and fully 

automated decision systems. These technologies may further complicate the balance between algorithmic authority and human judgment, 

potentially challenging existing assumptions about control, accountability, and legitimacy. Exploring these developments would allow researchers 

to continuously update and refine theoretical understandings of decision legitimacy in rapidly evolving digital environments. 

Overall, the propositions developed in this study provide a structured foundation for future empirical, qualitative, and mixed-method research. By 

systematically investigating these propositions across different levels of analysis and contexts, scholars can further advance understanding of how 

legitimacy is constructed, maintained, and transformed in AI-enabled organizations. 

 

9. CONCLUSİON 

This study develops a multilevel conceptual framework to explain how decision legitimacy is constructed, negotiated, and sustained in AI-enabled 

organizations through the interaction of algorithmic authority and human judgment. By integrating insights from legitimacy theory, AI governance, 

and organizational behavior, it demonstrates that legitimacy is not a static property of either technological systems or managerial authority, but 

rather an emergent outcome of ongoing socio-technical interactions across individual, organizational, and institutional levels. Within this view, 

the proposed theoretical propositions emphasize that algorithmic authority gains legitimacy not merely through technical performance, but through 

its interpretability, perceived fairness, and alignment with human values as enacted and reinforced by organizational actors. 

By positioning human judgment as a critical moderating and sensemaking mechanism, the study challenges deterministic perspectives that 

conceptualize AI as a substitute for human decision-making. Instead, AI-enabled organizations are framed as hybrid systems in which legitimacy 

is co-produced through continuous negotiation between human actors and algorithmic systems. This perspective advances existing theory by 

reframing legitimacy as a dynamic, relational, and multilevel construct that evolves in parallel with technological change. 

Overall, the framework contributes to a deeper theoretical understanding of how organizations can navigate the increasing complexity introduced 

by artificial intelligence while sustaining legitimacy in the eyes of stakeholders. It also provides a foundation for future empirical research to test 

and refine the proposed relationships, ultimately supporting the development of more accountable, transparent, and human-centered AI-enabled 

organizational systems. 
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Building on this foundation, the study concludes that the legitimacy of AI-enabled decision-making is not merely a function of technological 

efficacy but is fundamentally shaped by a dynamic interplay between algorithmic capabilities and human interpretive judgment across multiple 

organizational levels. From this perspective, legitimacy emerges as a continuously negotiated and reconstructed outcome within hybrid decision 

environments, rather than a fixed attribute of either technology or organizational processes. Accordingly, this perspective calls for a conceptual 

shift away from viewing AI as a discrete technical intervention toward understanding it as an integral and evolving component of organizational 

socio-technical systems, in which legitimacy is constantly redefined through ongoing interactions between human and algorithmic actors. 

Future research should therefore examine how organizations—particularly internal auditing functions—reconstruct legitimacy during radical 

technological transformations, such as the implementation of advanced AI systems that challenge established domains of human expertise and 

autonomy (Elbardan et al., 2023). In addition, longitudinal studies are needed to better understand the long-term implications of AI integration on 

decision-making processes and organizational structures, especially given the rapid evolution of AI technologies and their dynamic effects on 

human–AI collaboration models (Guler et al., 2025; Singh et al., 2025). Within this scope, quantitative research could further explore the 

relationship between varying levels of AI literacy among managers and the perceived legitimacy of AI-generated recommendations across different 

organizational contexts (Passlack et al., 2025; Sabharwal et al., 2024). Relatedly, future studies may extend this inquiry by collecting detailed 

individual-level data on organizational resources and capabilities that shape these perceptions (Pinski et al., 2024). 

Moreover, additional research is needed to investigate how organizations can leverage AI systems to foster continuous learning and adaptive 

decision-making processes, which are essential for sustaining long-term competitiveness (Shukla, 2024). At the team level, examining the influence 

of AI on decision dynamics—particularly trust formation, coordination mechanisms, and shared cognition—represents another critical avenue for 

future inquiry (Li & Tian, 2025). In this context, studies should also evaluate the design and effectiveness of training programs aimed at enhancing 

human–AI collaboration, as such interventions are crucial for setting realistic expectations and strengthening critical analytical skills in AI-

supported environments (Eigner & Handler, 2024). Furthermore, developing frameworks that clearly delineate the roles and responsibilities of 

both human and AI agents across different business contexts is essential for understanding hybrid intelligence dynamics and ensuring that AI 

systems augment rather than undermine human decision-making processes (Söllner et al., 2025). 

Finally, further empirical research is required to test the assumption that AI should primarily augment rather than automate human judgment, by 

systematically examining how AI can best support human decision-making without displacing human agency (Dwivedi et al., 2019). 
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