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ABSTRACT: Artificial intelligence (Al) is rapidly reshaping organizational structures, work practices, and societal outcomes, raising critical
questions regarding its implications for equity, inclusion, environmental sustainability, and job quality. Despite a growing body of research on Al
adoption, existing studies remain fragmented, often examining these dimensions in isolation. This paper develops an integrated theoretical
framework that explains how Al simultaneously generates both enabling and constraining effects across social and organizational
domains.Drawing on the integration of the Job Demands—Resources (JD-R) theory, institutional theory, and socio-technical systems perspective,
this study conceptualizes Al as a multi-level phenomenon that influences individual experiences, organizational practices, and broader societal
inequalities. The paper identifies key mechanisms through which Al affects job quality (e.g., task augmentation vs. automation), equity and
inclusion (e.g., algorithmic bias vs. access expansion), and environmental sustainability (e.g., efficiency gains vs. digital carbon footprint). By
synthesizing interdisciplinary literature, this study proposes a set of theoretical propositions and a multilevel framework linking technological
capabilities, organizational choices, and institutional contexts. The findings contribute to the literature by (1) reconciling competing perspectives
on AI’s societal impacts, (2) introducing a paradox-based understanding of Al outcomes, and (3) offering a future research agenda that emphasizes
ethical governance, inclusive design, and sustainable Al implementation.
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INTRODUCTION

Artificial intelligence (Al) is rapidly transforming the nature of work, organizational decision-making, and societal structures at an unprecedented
scale. Unlike previous waves of digital transformation, Al systems are not merely tools that execute predefined tasks; rather, they increasingly
function as adaptive and autonomous systems capable of learning from data, shaping decisions, and influencing organizational outcomes
(Brynjolfsson & McAfee, 2017; lansiti & Lakhani, 2020). This shift has triggered significant scholarly and managerial interest in understanding
how Al reshapes economic efficiency, organizational performance, and innovation. However, despite the exponential growth of research on Al,
the literature remains highly fragmented and conceptually siloed. Existing studies tend to focus on isolated dimensions such as productivity gains
(Davenport & Ronanki, 2018), labor market displacement (Frey & Osborne, 2017), algorithmic bias (O’Neil, 2016; Noble, 2018), or environmental
impacts (Strubell et al., 2019), without adequately integrating these outcomes into a unified theoretical perspective. As a result, our understanding
of Al remains partial, often oscillating between overly optimistic narratives of technological progress and critical accounts emphasizing inequality,
surveillance, and environmental cost (Zuboff, 2019; Crawford, 2021).

This fragmentation is particularly problematic because Al does not operate in isolation within a single domain. Instead, it simultaneously affects
organizational processes, employee experiences, and broader institutional and environmental systems. For instance, the same Al systems that
enhance efficiency and reduce routine work may also intensify job demands through algorithmic monitoring and performance pressure (Rosenblat,
2018; Gillespie, 2018). Similarly, while Al may reduce human bias in decision-making processes, it can also reproduce and amplify existing
structural inequalities embedded in training data and institutional practices (Barocas & Selbst, 2016; Benjamin, 2019). In parallel, Al-driven
optimization can improve resource efficiency while simultaneously increasing energy consumption through computational intensity and data
infrastructure expansion (Crawford, 2021; Andrae, 2020). These tensions reveal that Al is inherently paradoxical in nature, producing both enabling
and constraining outcomes across multiple levels of analysis. Despite these paradoxical dynamics, extant research has not yet developed a
comprehensive theoretical framework capable of explaining how Al simultaneously influences job quality, equity and inclusion, and environmental
sustainability. Most studies remain confined to single-level explanations—either individual (e.g., job design and well-being), organizational (e.g.,
performance and efficiency), or societal (e.g., inequality and regulation)—thereby overlooking the cross-level mechanisms through which Al
generates its effects. This limitation constrains theoretical development and hinders a holistic understanding of AI’s organizational and social
consequences.

To address this gap, this study develops a multilevel and paradox-informed theoretical framework that explains how Al simultaneously enhances
and constrains job quality, equity, inclusion, and environmental sustainability. Drawing on Job Demands—Resources (JD-R) theory (Bakker &
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Demerouti, 2017), socio-technical systems theory (Orlikowski, 2007), and institutional theory (DiMaggio & Powell, 1983), the proposed
framework conceptualizes Al as a socio-technical system embedded in organizational and institutional contexts. It argues that Al produces dual
outcomes through the simultaneous activation of job demands and job resources, inclusion and exclusion mechanisms, and efficiency gains
alongside environmental costs. This study makes three primary theoretical contributions. First, it moves beyond fragmented and domain-specific
perspectives by integrating organizational, social, and environmental impacts of Al into a unified framework. Second, it advances a paradox
perspective on Al, demonstrating that its effects are not linear or deterministic but inherently dual and context-dependent. Third, it introduces a
multilevel explanatory model that connects individual experiences, organizational practices, and institutional conditions in shaping Al outcomes.
By doing so, this paper contributes to ongoing debates on the future of work, responsible Al, and sustainable digital transformation, offering a
foundation for future empirical research and theory development in the field.

2. LITERATURE REVIEW

2.1. Artificial Intelligence as a Transformative Organizational Phenomenon

Artificial intelligence (Al) has evolved from a supportive technological tool into a transformative force that reshapes organizational structures,
decision-making processes, and work practices (Brynjolfsson & McAfee, 2017; Davenport & Ronanki, 2018). Unlike earlier generations of digital
technologies, Al systems possess the capacity to learn, adapt, and generate autonomous outputs, thereby influencing not only operational efficiency
but also social and organizational dynamics (Brynjolfsson & Mitchell, 2017; lansiti & Lakhani, 2020). This shift necessitates a reconceptualization
of Al as a socio-technical phenomenon embedded within organizational routines and institutional environments (Orlikowski, 2007; Leonardi,
2011).

The dominant narrative in the literature has largely emphasized the efficiency-enhancing potential of Al, highlighting improvements in
productivity, accuracy, and cost reduction (Agrawal et al., 2018; Daugherty & Wilson, 2018). However, this perspective remains incomplete, as it
overlooks the broader implications of Al for work conditions, social equity, and environmental sustainability (Zuboff, 2019; Susskind, 2020).
More critically, existing studies tend to examine these outcomes in isolation, resulting in a fragmented understanding of AI’s multidimensional
impacts (Kane et al., 2015; Frey & Osborne, 2017).

2.2. Al and Job Quality: A Paradox of Empowerment and Intensification

The relationship between Al and job quality is inherently paradoxical, encompassing both empowering and constraining dynamics. On one hand,
Al-enabled automation reduces the burden of routine and repetitive tasks, allowing employees to engage in more complex and value-added
activities (Autor, 2015; Brynjolfsson & McAfee, 2017). From the perspective of the Job Demands—Resources (JD-R) theory, such transformations
can enhance job resources by increasing autonomy and skill utilization (Bakker & Demerouti, 2007, 2017). On the other hand, Al systems introduce
new forms of job demands that may offset these benefits. Algorithmic management practices, real-time monitoring, and data-driven performance
evaluation can intensify work and increase psychological pressure (Rosenblat, 2018; Gillespie, 2018). These dynamics are often associated with
technostress and digital fatigue, which undermine employee well-being (Gray & Suri, 2019; Huws, 2014). Consequently, Al simultaneously
functions as both a job resource and a job demand, reinforcing the need for a dual-perspective framework (Pfeffer, 2018; Standing, 2011).
Extending this line of inquiry, recent studies emphasize that algorithmic management introduces a novel form of Al-driven organizational control
that reshapes routines, redistributes decision authority, and alters power dependencies within organizations (Ofem, 2024; Larsen, 2022). This
transformation contributes to the constitution and reproduction of organizational power asymmetries, reinforcing concerns about digital Taylorism
and the standardization of work under continuous surveillance (Wang, 2025). Such developments risk reducing employees to measurable units
within algorithmically governed systems, thereby necessitating a critical reassessment of workplace autonomy and human agency.

Moreover, the increasing integration of Al-powered decision-support systems into organizational processes raises concerns regarding transparency,
bias, and accountability. These systems, while improving analytical capacity, may also embed structural inequalities and introduce new forms of
algorithmic bias, which can negatively affect employee welfare and organizational trust (Mahmood et al., 2024; Bhasin & Krishna, 2025). This
situation highlights the importance of hybrid governance mechanisms that combine algorithmic efficiency with human oversight to ensure fairness
and ethical accountability in Al-driven workplaces (Bhasin & Krishna, 2025; Ateeq et al., 2025).

In this context, emerging literature underscores the necessity of human-in-the-loop systems and participatory governance models that actively
involve employees in the design and implementation of Al systems (Anjumanwarshaik et al., 2025; Fenwick et al., 2024; Rauhala et al., 2025).
Such approaches are critical for preventing the dehumanization of work and ensuring that algorithmic productivity metrics do not override
employee autonomy and well-being. Furthermore, organizations are increasingly required to invest in reskilling and upskilling initiatives to
mitigate the risks of labor displacement and wage polarization associated with Al adoption (Suneetha et al., 2024). Collectively, these
developments point toward the need for a socio-technical and human-centered approach to Al integration, where technology is positioned as a
complement to human capabilities rather than a substitute (Tjondronegoro, 2025).

2.3. Al, Equity, and Inclusion: Between Objectivity and Algorithmic Bias

Artificial intelligence is frequently positioned as an objective and neutral decision-making mechanism capable of reducing human biases and
improving fairness in organizational processes. In human resource management, recruitment, promotion, and performance evaluation systems
increasingly rely on algorithmic decision-making tools that are assumed to enhance consistency and reduce subjective error (OECD, 2019;
European Commission, 2020). From this perspective, Al is often framed as a technological solution to long-standing issues of discrimination and
inequality in organizational life.

However, a growing body of research challenges this optimistic assumption by demonstrating that Al systems are not inherently neutral but are
instead deeply shaped by the data, design choices, and institutional contexts in which they are developed (Barocas & Selbst, 2016; O’Neil, 2016).
Algorithmic systems trained on historical data often reproduce existing inequalities, thereby reinforcing structural disadvantage rather than
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eliminating it. For instance, biased training datasets can lead to discriminatory outcomes in hiring algorithms, while opaque decision architectures
can obscure accountability mechanisms (Noble, 2018; Benjamin, 2019).

Beyond technical bias, Al also plays a broader role in the reproduction of social stratification. As highlighted by Crawford (2021) and Pasquale
(2015), algorithmic systems often function as “black boxes” that concentrate informational and decision-making power within organizations and
platform owners. This creates asymmetries in access to opportunities and weakens transparency in organizational decision processes. At the same
time, Al systems can potentially enhance inclusion when designed with fairness-aware algorithms, participatory data governance, and ethical
oversight mechanisms (Nissenbaum, 2010; Sweeney, 2013).

Therefore, the impact of Al on equity and inclusion is not deterministic but conditional upon organizational governance structures and institutional
safeguards. This duality positions Al as both a potential equalizer and a mechanism of inequality reproduction, depending on how it is embedded
within socio-technical systems.

2.4. Environmental Implications of Al: The Sustainability Paradox

The environmental implications of artificial intelligence represent an emerging but increasingly critical area of scholarly inquiry. On one hand, Al
is widely recognized for its potential to enhance environmental sustainability through optimization, prediction, and resource efficiency.
Applications such as smart grids, predictive maintenance, and intelligent logistics systems enable organizations to reduce waste, improve energy
efficiency, and optimize supply chains (Rolnick et al., 2019; Davenport, 2020). In this sense, Al is often framed as an enabling technology for
achieving sustainability goals.

However, this optimistic narrative is challenged by growing evidence of the environmental costs associated with Al development and deployment.
Large-scale machine learning models require significant computational power, which in turn leads to substantial energy consumption and carbon
emissions (Strubell et al., 2019). Moreover, the rapid expansion of data centers and digital infrastructures has intensified global electricity demand,
raising concerns about the ecological footprint of digital transformation (Andrae, 2020; IEA, 2020).

Crawford (2021) further emphasizes that Al systems are embedded within extractive infrastructures that rely on extensive material, energy, and
labor resources, often hidden from public view. This reveals a critical sustainability paradox: while Al can contribute to environmental efficiency
at the application level, its infrastructural and computational demands simultaneously generate significant environmental degradation.
Accordingly, the literature increasingly calls for a shift toward responsible Al development frameworks that incorporate environmental accounting,
lifecycle assessments, and sustainable computing practices (UNEP, 2019). This duality positions Al as both a solution and a contributor to
environmental challenges, reinforcing the need for integrated theoretical approaches that move beyond purely techno-optimistic interpretations.
2.5. Fragmentation in the Literature and Multi-Level Theoretical Gaps

Despite the rapid expansion of research on artificial intelligence, the literature remains highly fragmented across disciplinary, methodological, and
conceptual boundaries. Studies in information systems, organizational behavior, labor economics, and environmental science often examine Al
impacts in isolation, leading to a lack of theoretical integration (DiMaggio & Powell, 1983; Meyer & Rowan, 1977). As a result, there is limited
understanding of how Al simultaneously affects individuals, organizations, and broader institutional systems. At the organizational level, research
tends to focus on productivity gains, digital transformation, and operational efficiency (lansiti & Lakhani, 2020). At the individual level, studies
emphasize job displacement, skill transformation, and well-being outcomes (Autor, 2015; Bakker & Demerouti, 2017). Meanwhile, societal-level
research explores inequality, surveillance, and regulatory challenges (Zuboff, 2019; Noble, 2018). However, these streams remain largely
disconnected, preventing the development of a unified theoretical lens.

This fragmentation is particularly problematic because Al operates as a socio-technical system that simultaneously influences multiple levels of
analysis. Without a multilevel perspective, it becomes difficult to explain how organizational decisions regarding Al adoption translate into
individual experiences and societal outcomes. Moreover, the absence of integrative frameworks limits the ability to capture feedback loops between
institutional pressures, organizational practices, and technological design choices. Therefore, there is a pressing need for theoretical approaches
that integrate these fragmented perspectives into a coherent explanatory framework capable of capturing the complexity of Al-driven
transformations.

2.6. Toward a Multilevel and Paradox-Informed Theoretical Framework

To address these limitations, this study proposes a multilevel and paradox-informed theoretical framework that conceptualizes artificial intelligence
as a socio-technical system embedded within organizational and institutional contexts. The framework draws on Job Demands—Resources (JD-R)
theory (Bakker & Demerouti, 2017), socio-technical systems theory (Orlikowski, 2007), and institutional theory (DiMaggio & Powell, 1983),
integrating micro-, meso-, and macro-level perspectives into a unified explanatory model.

At the micro level, Al influences employee experiences through the simultaneous activation of job demands and job resources, affecting well-
being, motivation, and performance outcomes. At the meso level, organizational practices determine how Al is implemented, shaping governance
structures, decision authority, and algorithmic management systems. At the macro level, institutional pressures such as regulatory frameworks,
ethical norms, and market competition shape the direction and intensity of Al adoption.

Importantly, the proposed framework adopts a paradox perspective, arguing that Al generates inherently dual outcomes across all levels of analysis.
Rather than producing linear effects, Al simultaneously enhances efficiency while increasing control, promotes inclusion while reproducing
inequality, and supports sustainability while generating environmental costs. These paradoxical tensions are not anomalies but fundamental
properties of Al-driven socio-technical systems.

By integrating these perspectives, the framework contributes to theory development in three ways. First, it moves beyond fragmented, single-level
explanations by offering a holistic multilevel model. Second, it advances a paradox-based understanding of Al outcomes, emphasizing simultaneity
rather than dichotomy. Third, it provides a foundation for future empirical research aimed at testing cross-level mechanisms and boundary
conditions of Al impacts.
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Figure 1. A multilevel paradoxical framework explaining the organizational, social, and enmvironmental impacts of artificial intelligence,

3. METHODOLOGY
3.1. Research Design
This study adopts a qualitative, theory-building research design aimed at developing an integrative conceptual framework that explains the
organizational, social, and environmental impacts of artificial intelligence (Al). Rather than testing predefined hypotheses, the study seeks to
synthesize fragmented streams of literature and advance a novel multilevel and paradox-informed theoretical model.
Given the conceptual nature of the research, a structured literature review approach is employed to systematically identify, evaluate, and integrate
existing knowledge. This approach is particularly suitable for theory development, as it allows for the identification of patterns, contradictions,
and gaps within the literature (Eisenhardt, 1989; Torraco, 2005).
3.2. Literature Review Strategy
The study follows a semi-systematic literature review strategy, combining elements of systematic and narrative review approaches. This hybrid
approach enables both methodological rigor and theoretical flexibility, which are essential for conceptual research (Snyder, 2019).
The literature search was conducted across major academic databases, including:

e  Scopus

e Web of Science

e Google Scholar
Keywords used in the search process included:

e “artificial intelligence AND job quality”

e  “Al AND algorithmic management”

e  “Al AND equity OR inclusion”

e  “Al AND sustainability OR environment”

e  “Al AND organizational behavior”
The search focused on peer-reviewed journal articles, books, and high-impact reports published primarily between 2010 and 2025, while also
incorporating seminal earlier works to ensure theoretical grounding.
3.3. Inclusion and Exclusion Criteria
To ensure the quality and relevance of the reviewed literature, the following inclusion criteria were applied:

e Peer-reviewed journal articles (preferably Q1/Q2 indexed)

e Highly cited foundational works

e  Studies directly addressing AI’s organizational, social, or environmental impacts

e  English-language publications
Exclusion criteria included:

e Non-scholarly sources without theoretical contribution

e  Studies focusing purely on technical Al development without organizational relevance

e  Redundant or overlapping studies
This selection process ensured both depth and breadth in capturing the multidimensional nature of Al.
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3.4. Data Analysis and Synthesis
The selected studies were analyzed using a thematic synthesis approach. First, key themes were identified through iterative reading and coding,
focusing on:

e Job quality (e.g., job demands, job resources, digital fatigue)
e  Equity and inclusion (e.g., algorithmic bias, fairness, discrimination)
e  Environmental sustainability (e.g., energy consumption, efficiency)

e  Organizational and institutional mechanisms (e.g., governance, regulation)
Second, relationships between these themes were examined to identify patterns, contradictions, and interdependencies. Particular attention was
given to paradoxical dynamics, where Al simultaneously produces both positive and negative outcomes.
Third, insights from different theoretical perspectives—including Job Demands—Resources (JD-R) theory, socio-technical systems theory, and
institutional theory were integrated to develop a multilevel explanatory framework.
3.5. Theoretical Model Development
The conceptual model was developed through an iterative process of abstraction and integration. Initially, insights from the literature were
organized into micro (individual), meso (organizational), and macro (institutional) levels. Subsequently, key mechanisms linking Al to outcomes
were identified and categorized.
The model emphasizes three core features:

1. Multilevel structure: capturing interactions across individual, organizational, and institutional levels

2. Paradox perspective: recognizing simultaneous enabling and constraining effects

3. Socio-technical integration: linking technological capabilities with social and organizational contexts
This process resulted in a theoretically grounded framework that explains how Al generates complex and interdependent outcomes across multiple
domains.
3.6. Methodological Contribution
This study offers a set of substantive methodological contributions to the artificial intelligence (Al) literature by advancing a more integrative,
rigorous, and theory-building-oriented research approach. First, it departs from conventional narrative reviews by systematically combining a
semi-structured literature review with an explicit theory-building logic. In doing so, the study enhances methodological transparency and analytical
rigor, addressing a critical limitation in existing Al research where conceptual discussions often lack systematic grounding and replicability.
Second, the study responds to the growing fragmentation of Al scholarship by introducing an integrative synthesis across multiple disciplinary
domains, including organizational behavior, information systems, human resource management, and sustainability research. This cross-
disciplinary integration not only consolidates dispersed knowledge but also demonstrates how complex, multidimensional phenomena such as Al
can be examined through a coherent and methodologically structured lens.
Third, this research advances methodological practice by incorporating a paradox perspective as a central analytical device. Rather than treating
contradictions in the literature as inconsistencies to be resolved, the study systematically theorizes these tensions as inherent features of Al-driven
systems. This approach enables a more nuanced and realistic understanding of Al, capturing its simultaneous enabling and constraining effects
across different levels of analysis. In this sense, the study contributes to methodological innovation by positioning paradox as a generative
mechanism for theory development.
Fourth, the study introduces a multilevel analytical structure that explicitly links micro-level employee experiences, meso-level organizational
practices, and macro-level institutional dynamics. This multilevel design addresses a key methodological gap in the literature, where prior studies
have predominantly relied on single-level analyses. By articulating cross-level interactions and mechanisms, the study provides a scalable and
adaptable framework that can guide future empirical research across diverse contexts.
Finally, the proposed framework offers a robust foundation for future empirical inquiry by translating abstract theoretical insights into analytically
tractable constructs and relationships. It enables researchers to operationalize key variables, design testable propositions, and examine boundary
conditions in a systematic manner. In doing so, the study not only synthesizes existing knowledge but also actively shapes future research
trajectories by offering a clear methodological roadmap for investigating the organizational and societal implications of Al.
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