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Abstract 

AI deployment challenges often arise from misalignments between technological design and the social 
systems into which it is introduced. Drawing on Bostrom and Heinen’s (1977a) Socio-Technical Systems 
framework, this study analyses contemporary AI literature to identify the root causes of recurring 
failures. The work adapts the framework into a diagnostic tool that links socio-technical conditions to 

common AI challenges, offering both a conceptual lens for research and practical guidance for 
governance and design. While literature-based, the framework provides a foundation for empirical 
testing to improve proactive, context-sensitive AI integration. 
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1 Introduction 

The dominant narrative surrounding artificial intelligence (AI) in organisations is one of unprecedented 

efficiency and transformative potential (Collins et al. 2021). By automating routine tasks, AI promises 

to free employees for more complex, creative, and value-generating work (Makarius et al. 2020; Raisch 
& Fomina 2025). This widespread optimism is reflected in staggering global investments exceeding $140 
billion annually, with projections estimating a potential economic impact of up to $15 trillion by 2030 
(Jeon et al, 2024). Yet, alongside these promises, AI adoption in organisations also reshapes existing 
power dynamics (Hoddinghaus et al. 2021; Qin et al. 2023). It raises questions about who gains access 
to the efficiency and innovation it promises, whose perspectives shape system design, and how such 
shifts may reinforce or challenge existing hierarchies. 

AI systems don’t arrive in a vacuum. They come embedded in expectations about what good work looks 
like, what productivity means, and what kind of behaviour can—or should—be automated. While these 
are fundamentally mere tools in theory, in practice, they frequently function as silent architects shaping 
both organisational structures and social dynamics. Many now lie at the heart of what we call 
management information systems (MIS), allocating resources (Duda et al. 2024), monitoring 
performance (Bednar & Welch 2020; Siering 2022), and making recommendations for decisions (Di 
Noia et al. 2022; Gupta et al. 2022). This point often marks the onset of challenges, as such systems 
frequently overlook human heterogeneity, thereby perpetuating existing inequalities and giving rise to 
new forms of exclusion. 

Such dynamics create a high-stakes paradox for organisations. On the one hand, immense pressure 
exists to adopt AI to remain competitive, spurred by warnings that “managers who use AI will replace 
those who don’t” (Brynjolfsson and McAfee (2017), as cited in Gupta et al. 2022, p. 1476). On the other 
hand, the widespread neglect of these socio-technical complexities results in significant implementation 
problems: project failure (Gyldenkaerne et al. 2024; Weber et al. 2023), employee dissatisfaction 
(Bednar & Welch, 2020; Thomas, 2024), overreliance on tools, and misplaced trust in algorithmic 
outputs (Fleiss et al. 2024; Floridi et al. 2018; Klingbeil et al. 2024). Considering recent calls for the 
deregulation of AI in the United States, it is now more crucial than ever to implement proactive measures 
to ensure the responsible development and deployment of such technologies (Sahu & Mohanty, 2024). 

As early as 1977, Bostrom and Heinen recognised that such failures often result not from inadequate 
technology but from a fundamental misalignment of design assumptions with behavioural and 
structural realities (Bostrom & Heinen 1977a; 1977b). Their socio-technical systems (STS) framework 
offers a powerful diagnostic lens for understanding why even the most efficient innovations can backfire 
when the social subsystem is overlooked. We posit that their insights are more relevant than ever for 
navigating the challenges of AI, as many of its most pressing issues typically surface only post-
deployment, when corrective measures are most difficult. The central research question guiding this 
study is therefore: 

RQ: How can the STS framework be effectively applied to social and behavioural challenges in AI 
deployment? 

To address this question, this paper employs a systematic literature review to identify and categorise the 
primary challenges associated with AI. These barriers are then mapped onto the seven socio-technical 
conditions for failure proposed in the original STS framework, making their root causes explicit. This 
study’s contribution is twofold: First, it validates the enduring relevance of a classic theoretical 
framework for diagnosing contemporary AI challenges. Second, systematically unearthing the root 
causes of these challenges provides a crucial diagnostic foundation that must precede the development 
of any truly effective ethical and managerial interventions. 

2 Theoretical Background 

MIS projects have a long and well-documented history of failure. These failures stem more often from 
human and organisational dynamics than from technical shortcomings. As early as 1975, Henry C. Lucas 
observed that “the major reason most information systems have failed is that we have ignored 
organisational behaviour problems in the design and operation of computer-based information systems” 
(Lucas (1975), as cited in Bostrom & Heinen 1977a, p. 18). It was in direct response to his oversight that 
Bostrom and Heinen (1977) introduced their STS framework. The framework bridges technological 
design and its social consequences, anchored in a principle of joint optimisation: improving technical 
efficiency and enhancing the quality of working life in tandem. 
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The diagnostic strength of the STS framework lies in three deceptively simple but powerful questions: 
(Q1) What are the human or behavioural challenges? (Q2) What are the root causes of these 
challenges? and (Q3) How can these causes be addressed? Bostrom and Heinen argued that the second 
question is chronically neglected. Too often, practitioners leap from merely cataloguing symptoms (a 
“story-telling phase”) straight into proposing ad hoc remedies (the “instant solution phase”), without 
ever developing a grounded understanding of underlying causes. 

To address this blind spot, they identified seven recurring conditions, entrenched mindsets and 
practices among MIS designers, that give rise to inadequate designs and, ultimately, system failure. The 
development of concrete prescriptive design methodologies, which they explore in a companion paper 
(Bostrom & Heinen 1977b), is a separate endeavour that logically follows the foundational analysis. 
These seven conditions, each reflecting a breakdown in the joint optimisation of social and technical 
subsystems, form the analytical lens for this study and are summarised in the appendix as a reminder 
(see Table 2). 

2.1 Related Work and Research Problem 

The discourse surrounding AI is situated at the intersection of several mature research streams. The STS 
perspective has long been a valuable perspective for how social and technical elements shape and 
constrain one another (Trist & Bamforth 1951). Contemporary STS research has evolved to address the 
complexities of modern digital work, introducing concepts like socio-technical capital in human-AI 
collaboration (Makarius et al. 2020), the need for socio-technical envelopment to manage opaque AI 
models (Asatiani et al. 2021), and the challenge that dynamic AI systems pose to traditional notions of 
organisational stability (Fischer & Baskerville 2023). 

Simultaneously, research engages with the organisational realities in AI deployment. Here, success 
hinges on aligning AI capabilities with strategic objectives, underpinned by a robust, data-driven culture 
(Fosso Wamba et al. 2024; Sestino & De Mauro 2022). Researchers emphasise the need for disciplined 
lifecycle management, transparent communication, and sensemaking processes that help employees 
integrate AI systems into their workflows (Engstrom et al. 2024; Weber et al. 2023). This is 
complemented by calls for comprehensive AI governance that spans data governance (quality, privacy), 
model governance (fairness, explainability), and system governance (compliance, performance) 
(Schneider et al. 2023). Such structures are not purely technical safeguards since they also influence 
employee perceptions of transparency, fairness, and job security, which in turn shape adoption 
outcomes (Chiu et al. 2021). 

A third, increasingly prominent body of work interrogated the ethical dimensions of AI, often framed 
through the principles of fairness, accountability, and transparency (FAT). This stream addresses the 
risks of algorithmic bias, where models perpetuate inequities embedded in historical data (Feuerriegel 
et al. 2020); the opacity of deep learning models, which impedes interpretability (Ashok et al. 2022); 
and the challenge of accountability when AI autonomy complicates the attribution of responsibility 
(Floridi et al. 2018). Privacy concerns, arising from AI’s reliance on large-scale and often sensitive 
datasets, are a recurring theme (Merhi 2023). 

While each of these streams offers valuable insights, together they reveal a pattern that Bostrom and 
Heinen (1977a; 1977b) famously critiqued. Much of the literature remains anchored either in cataloguing 
social and behavioural challenges (Q1) or prescribing reactive interventions (Q3), while paying 
insufficient attention to the second and arguably most crucial question (Q2): Why do these problems 
arise in the first place? Employee resistance, fairness concerns, and other barriers are thoroughly 
described, and governance mechanisms are extensively proposed; however, the underlying drivers, such 
as flawed design assumptions, unintended systemic effects, or misaligned organisational incentives, 
often receive only cursory treatment. 

Our study seeks to approach that problem. By systematically applying Bostrom and Heinen’s (1977) STS 
framework, it examines the socio-technical challenges of AI through the lens of their root causes and 
maps them against the framework’s seven conditions for failure. The goal here is not yet to prescribe 
definite solutions for every barrier but to surface the deeper, structural factors that shape 
implementation outcomes. In doing so, we aim to enrich understanding and lay a more solid foundation 
for interventions that are both technically sound and socially attuned. 

3 Research Approach 

This study employs a systematic literature review based on the concept-driven methodology established 
by Webster and Watson (2002). This approach was chosen to systematically synthesise the fragmented, 
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multidisciplinary literature on AI's organisational and social challenges. The entire process follows the 

PRISMA standard (Page et al. 2021) to ensure a transparent and replicable research design. 

3.1 Literature Search and Selection 

The literature search was conducted in the Web of Science (WoS) and AIS Electronic Library (AISeL) 

databases, with the scope restricted to a predefined list of 51 core information systems and related 
journals (Boell & Wang 2019). The search query combined keywords for artificial intelligence with terms 
related to social and ethical issues (see Table 3). The selection process followed a multi-stage protocol 
(see Figure 2): after an initial screening of titles and abstracts, full texts were assessed against specific 
inclusion criteria. We included empirical or substantive theoretical studies addressing the behavioural 
and social dimensions of AI, while excluding purely technical papers. This process, supplemented by 

citation tracking, resulted in a final corpus of 91 studies (see Table 4). 

3.2 Data Analysis and Conceptual Synthesis 

We employed a concept-centric coding process, adapted from Wolfswinkel et al. (2013), which combines 
deductive and inductive phases. The analysis began with a set of deductive categories derived from 

foundational STS literature (e.g., bias, digital divide, trust). Subsequently, each study was analysed via 
open coding to inductively identify emergent concepts from the data. This allowed for the refinement of 
abstract notions (e.g., "fairness") into more concrete analytical concepts (e.g., "bias", "algorithmic 
aversion"). 

In the final synthesis, these concepts were consolidated through a multi-level clustering process. First, 
thematically related codes were grouped into 17 distinct sub-clusters. To ensure the robustness of our 
findings, only concepts identified in three or more independent sources were included. These sub-
clusters were then aggregated into four overarching analytical clusters that structure our results: (1) 
Reproduction of Structural Inequality, (2) Erosion of Trust, (3) Erosion of Meaningful Work, and (4) 
Consolidation of Power (see Figure 1 and Table 3). Together, these clusters illustrate how AI systems, 
when misaligned with the organisational and social contexts they inhabit, produce significant social and 
behavioural consequences. 

4 Results 

4.1 Structural Inequality 

AI systems often do not merely reflect existing inequality but amplify it. The most prominent mechanism 
is algorithmic bias, which is not a simple coding error, but a context-dependent phenomenon deeply 
rooted in societal structures (Buyl & de Bie 2024; Feuerriegel et al. 2020; Koechling et al. 2021). Bias 
can become self-perpetuating: feedback loops generate increasingly skewed datasets, entrenching 
structural discrimination (Akter, McCarthy, et al. 2021; Bauer et al. 2024; Bedemariam & Wessel 2023; 
Gupta et al. 2022; Hoffmann 2019). The risk of fairness gerrymandering exemplifies this dynamic, 
whereby aggregate fairness targets are met while specific subgroups (often those at the intersection of 
multiple marginalised identities) remain systematically disadvantaged (Buyl & de Bie 2024). 

These mechanisms have tangible, identity-specific effects. In gendered contexts, talent acquisition 
systems frequently reinforce occupational hierarchies by favouring career paths dominated by men 
(Aydin et al. 2023; Hoffmann 2019; Yarger et al. 2020). Behavioural patterns differ as well: Women are 
more likely to scrutinise biased algorithmic decisions, even when accompanied by transparent 
explanations (Gupta et al. 2022; Tsung-Yu et al. 2024; van Berkel et al. 2023). Binary classification 
schemes also systematically exclude or misgender transgender and non-binary individuals (Keyes 
2018). Ethnicity becomes another vector of inequity, particularly in hiring (Koechling et al., 2021; 
Kordzadeh & Ghasemaghaei 2022; Yarger et al. 2020), healthcare (Birzhandi & Cho 2023; Isaac et al. 
2024; Moussawi et al. 2024), and criminal justice (Birzhandi & Cho 2023; Buyl & de Bie 2024; 
Feuerriegel et al. 2020; Gupta et al. 2022). For example, some minority applicants adopt 
counterstrategies such as code-switching to navigate systems they perceive as biased (Bedemariam & 
Wessel 2023). As a result, repeated experiences of automated rejection foster heightened distrust, 
reduced engagement, and increased feelings of procedural unfairness (Bedemariam & Wessel 2023; 
Bigman et al. 2021; Yarger et al. 2020). 

Inequality extends to age and disability. Systems designed with younger, tech-savvy users in mind can 
alienate older adults, fostering scepticism and lower adoption rates (Birzhandi & Cho 2023; Fleiss et al. 
2024; Siering 2022). Similarly, AI optimised for able-bodied norms often fails to accommodate people 
with disabilities, and “fairness through awareness” (excluding disability-related data) proves ineffective 
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(Buyl & de Bie 2024; Feuerriegel et al. 2020) if proxy variables such as speech patterns continue to 
disadvantage these users (Birzhandi & Cho 2023). 

The digital divide further exacerbates structural exclusion. Limited access to digital literacy, 
infrastructure, and resources prevents marginalised groups from leveraging AI benefits, while resource-
rich entities expand their competitive lead (Carter et al. 2020; Heng et al. 2022; Jeon et al. 2024; 
Marjanovic et al. 2022; Ransbotham et al. 2016). The result is a widening socio-economic gap that risks 
becoming permanently entrenched. 

4.2 Erosion of Trust 

A second cluster centres on the social and psychological processes that erode user trust in AI. Foremost 
among these is the perceived breach of privacy, driven by limited transparency and user control over 
personal data (Kushwaha et al. 2023; Sipior et al. 2024; Zhdanov et al. 2022). Personalisation can 
heighten this tension: While it offers some value, it requires extensive data sharing, which in turn 
deepens privacy concerns (Buyl & de Bie 2024; Liu & Tao 2022). The tension between privacy and 
system performance becomes especially clear in data-driven business models. Here, privacy measures 
such as data anonymisation can inadvertently impair the predictive accuracy of AI models by restricting 
access to crucial training data (Laine et al. 2024; Sipior et al. 2024; Zhdanov et al. 2022). 

Trust is further undermined by algorithmic aversion, where users perceive algorithmic decisions as less 
fair than human ones, even when more accurate (Bankins et al. 2022; Hoddinghaus et al. 2021; Klingbeil 
et al. 2024; Langer & Landers 2021; Qin et al. 2023). The „transparency-resistance paradox” 
furthermore captures that excessive transparency in complex contexts can overwhelm rather than 
reassure users, ultimately reducing their trust (Hu et al. 2024). Aversion intensifies when AI is seen as 
threatening professional identity or competence (Mirbabaie et al. 2022; Qin et al. 2023). Female 
participants demonstrated greater awareness of discrimination and less trust in biased AI systems 
compared to male participants, especially when information-rich explanations were provided (Tsung-
Yu et al. 2024). Additionally, older users tend to have less trust in algorithmic decisions (Gude 2023; D. 
Kim & Song 2024). Perceptions of AI discrimination, trust, and fairness vary systematically: liberals are 
more sensitive yet more accepting of AI, conservatives are more sceptical yet less emotionally reactive 
to discriminatory outcomes; digital self-efficacy boosts confidence, not fairness; and higher 
socioeconomic status fosters an optimistic bias that downplays algorithmic risks (S. Kim 2025). 

Anthropomorphic design choices can also backfire. While human-like cues may initially engage users, 
inconsistencies or inauthentic interactions can trigger an uncanny valley effect, leading to discomfort 
and distrust (Hoorn & Huang 2024). Conversely, some users form parasocial relationships with AI 
agents, accepting their recommendations less critically due to perceived emotional bonds (Noor et al. 
2022; M. Sharma et al. 2024). Cultural background moderates these effects: Users from individualistic 
cultures often respond more positively to anthropomorphism than those from collectivist backgrounds 
(Chang et al. 2018). Notably, anthropomorphic chatbots promote greater personal information 
disclosure (Schanke et al. 2021). In governance and organisational decision-making, anthropomorphic 
AI often reinforces existing social hierarchies and biases (Oleksy et al. 2023). For instance, female-
voiced virtual assistants and other gendered designs have been proven to strengthen gender stereotypes 
and contribute to professional inequalities (Mou & Xu 2017; Tsung-Yu et al. 2024). 

Ultimately, trust erosion often culminates in dehumanisation. When algorithms reduce individuals to 
data points and ignore personal context, users report emotional detachment and diminished social value 
(Bankins et al. 2022; Bedemariam & Wessel 2023; Langer & Landers 2021). In professional and social 
environments, this risk replaces genuine connection with mechanised, emotionally hollow exchanges 
(Porra et al. 2020). 

4.3 Erosion of Meaningful Work 

The degradation of meaning, value, and security in human labour is mostly visible in job displacement 
(Loureiro et al. 2021; Y. Lu 2019; Marabelli et al. 2021), now extending beyond routine work into roles 
requiring education, expertise (Zhang et al., 2024), and managerial discretion (Mirbabaie et al. 2025). 

Further, overreliance (i.e., excessive trust in automated outputs) diminishes critical engagement with 
AI’s output (Ghasemaghaei & Kordzadeh 2024a; 2024b; Klingbeil et al. 2024; Qin et al. 2023). This can 
result in deskilling, as domain knowledge and judgment atrophy (Floridi et al. 2018; Langer & Landers 
2021; Mirbabaie et al. 2022). Explainability, while often seen as a means for critical interrogation, can 
also encourage uncritical acceptance of biased results when presented in a plausible manner 
(Ghasemaghaei & Kordzadeh 2024a). In one study, individuals with lower fairness sensitivity perceived 
the AI as fairer solely due to its transparency, even when it explicitly disclosed gender bias (Tsung-Yu et 
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al., 2024). The perception of scientific legitimacy can reduce decision-makers’ willingness to consider 
alternative solutions or intervene when AI outputs are flawed (Cowgill et al. 2020). This behaviour leads 
to decreased engagement in decision processes (Floridi et al. 2018; Klingbeil et al. 2024; Loureiro et al. 
2021), resulting in errors of omission—failing to step in when AI overlooks important issues—and errors 
of commission—wrongly accepting incorrect algorithmic recommendations (Sipior et al. 2024). 

These dynamics frequently lead to a loss of control. Employees feel their autonomy eroded when AI 
systems override professional judgment without recourse (Bankins et al. 2022; Bedemariam & Wessel 
2023; Floridi et al. 2018; Langer & Landers 2021; Y. Lu 2019; Marjanovic et al. 2022; Marotta 2022; 
Wesche & Sonderegger 2021). Compounding this is a dilution of accountability: As responsibility is 
diffused across complex AI systems, it becomes unclear who answers for errors (Floridi et al. 2018; 
Langer & Landers 2021; Marjanovic et al. 2022; Marotta 2022). Feelings of limited influence over 
outcomes often spark resistance toward AI systems (Mirbabaie et al. 2022), particularly when 
unexpected or opaque decisions force users to speculate about or anticipate the system’s behaviour, in 
workplace settings, this dynamic reinforces a feedback loop in which human expertise is increasingly 
undervalued as artificial agents take over more complex decision-making roles (Floridi et al. 2018; 
Sartori & Theodorou 2022). 

4.4 Consolidation of Power 

AI consolidates and centralises power at multiple levels. Globally, this is visible in the emerging concept 
of data colonialism, where data is extracted from the Global South, but economic and innovative value 
accrues primarily to the Global North’s tech hubs (Arora et al. 2023; Heeks et al. 2024; Kwet 2019; 
Seoane & Velasco 2024). This process not only entrenches economic asymmetries but also extends 
cultural influence as Western-trained models diffuse their embedded norms globally, reproducing 
hegemonic world views (Rieskamp et al. 2023; van Berkel et al. 2023). 

Within organisations, AI shifts power dynamics by granting management unparalleled oversight and 

decision-making leverage under the pretence of AI’s objectivity (Floridi et al. 2018; Someh et al. 2019). 
Promoted by remote work trends, algorithmic monitoring can determine career trajectories and 
compensation without transparent human input, fostering disempowerment (Marabelli et al., 2021; 
Sipior et al. 2024; van Berkel et al. 2023). The complexity of AI systems limits employee oversight, 
contributing to an environment where algorithmic decisions are perceived as inevitable and 
unchallengeable (van Berkel et al. 2023). Relying on AI to manage performance and outcomes 
strengthens managerial control, as it diminishes employee bargaining power (Floridi et al. 2018; 
Marabelli et al. 2021). 

Central to this is algorithmic control: Scalable, often invisible forms of surveillance and profiling 
(Floridi et al. 2018; Heeks et al. 2024; Seoane & Velasco 2024; Someh et al. 2019). Surveillance involves 
active monitoring through tools like facial recognition, while profiling individuals for critical decisions 
in law enforcement, and beyond (Buyl & de Bie 2024; Floridi et al. 2018; Marjanovic et al. 2022; 
Ransbotham et al. 2016). Excessive data mining is increasingly framed as a form of surveillance, as 
illustrated by the claim that “Big Data is little more than a euphemism for surveillance” (Kwet 2019, p. 
7). Predictive policing illustrates the risks, targeting the same communities repeatedly and using 
algorithmic “objectivity” to reinforce entrenched biases (Feuerriegel et al. 2020; Floridi et al. 2018; 
Marjanovic et al. 2022). Exporting AI surveillance systems to low- and middle-income countries creates 
lasting technological dependence–external providers frequently operate such systems, which 
diminishes local autonomy and regulatory oversight (Heeks et al. 2024). 

5 Discussion 

The findings portray the challenges posed by AI as daunting. The sheer number of issues arising from 
its use can cause unease, echoing deeper societal anxieties that have accompanied previous technological 
shifts, like the widespread disruption during the Industrial Revolution. However, this dark part of 
history offers more than just cautionary tales; it provides reasons for cautious optimism as new 
institutions can emerge to steer innovation toward a more balanced path. 

Acknowledging the scale of these challenges is the essential first step. However, to act effectively, we 
must go beyond simply cataloguing symptoms (Q1). Instead, we need to explore their root causes (Q2). 
This is the significant task this discussion aims to undertake: By systematically mapping the identified 
challenges onto the seven conditions outlined by Bostrom and Heinen (1977a) (see Table 1), we seek to 
reveal the root causes underlying AI deployment failures and thus provide a robust foundation for 
meaningful action. 
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Condition Core Causal Mechanisms 
(The “How”) 

Resulting Challenges 
(The “What”) 

Solution Principles 

C1: Systems 
Designer's 
Implicit 
Theories 

Unchallenged assumptions 
about ‘default users’ and 
technological value-
neutrality become 
embedded in system logic 

Bias, Dehumanisation Uncover and challenge 
implicit theories about 
users, work, and 
technology at the 
earliest design stages. 

C2: Systems 
Designer's 
Concept of 
Responsibility 

Unclear accountability 
structures and delegation 
of moral agency to 
algorithms rather than 
humans 

Algorithmic Aversion, 
Algorithmic Control, Loss 
of Control, Overreliance, 
Sense of Accountability 

Create accountability-
by-design and clear 
override pathways. 

C3: Non-
Systemic View 

Isolated technical 
optimisation that ignores 
feedback loops, secondary 
effects, and broader 
organisational and societal 
consequences 

Algorithmic Control, Bias, 
Breach of Privacy, 
Dehumanisation, Digital 
Divide, Global Power 
Dynamics, Job 
Displacement, 
Organisational Power 
Dynamics 

Systemically scout for 
secondary effects 
before optimising local 
metrics. 

C4: Limited 
Goal 
Orientation 

A narrow focus on 
efficiency and cost metrics 
sidelines social objectives 

Bias, Global Power 
Dynamics, Job 
Displacement, 
Overreliance 

Implement dual goal-
setting that treats 
efficiency and quality 
of working life as 
independent, co-equal 
targets. 

C5: Limited 
Design 
Referent Group 

Exclusion of marginalised 
perspectives and secondary 
users from participatory 
design processes 

Algorithmic Aversion, 
Bias, Dehumanisation, 
Digital Divide, Uncanny 
Valley 

Broaden the referent 
groups and 
stakeholder ownership 
deliberately. 

C6: 
Rational/Static 
View of 
Development 

Assumption of stable 
context prevents 
adaptation to concept drift 
and evolving user 
behaviours over time 

Algorithmic Aversion, 
Algorithmic Control, Bias, 
Breach of Privacy, Global 
Power Dynamics, Loss of 
Control, Organisational 
Power Dynamics, 
Overreliance 

Anticipate concept 
drift and mission creep 
with iterative, 
learning-oriented 
lifecycles. 

C7: Limited 
Change 
Technologies 

Technical deployment 
without adequate training, 
role clarification, or 
integration with 
organisational workflows 
and culture 

Algorithmic Aversion, 
Breach of Privacy, 
Dehumanisation, Digital 
Divide, Job 
Displacement, Loss of 
Control, Overreliance, 
Sense of Accountability, 
Uncanny Valley 

Integrate a change of 
technologies from 
organisational 
development beyond 
training and UI tweaks 

Table 1 Mapping of Socio-Technical Conditions and the Associated Challenges 

5.1 Condition 1: Systems Designer's Implicit Theories 

The first condition posits that designers’ unspoken assumptions and mental models are a primary source 
of system failure (Bostrom & Heinen 1977a). Our findings confirm this is a critical origin point for 
systemic bias in AI systems, as designers’ unchallenged beliefs become embedded in the system’s logic 
(Aydin et al. 2023; Gupta et al. 2022; Yarger et al. 2020). 

This mechanism manifests directly as bias when designers implicitly assume a “default user” and 
consequently fail to account for those who don’t fit this mould. Flawed mental models of fairness itself 
compound the problem; the attempt to achieve “fairness through unawareness” by omitting sensitive 
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attributes often backfires, since algorithms leverage proxy variables that perpetuate the very 
discrimination intended to be removed (Birzhandi & Cho 2023; Cornacchia et al. 2023; Feuerriegel et 
al. 2020). This reveals a deeper, implicit theory: The persistent yet flawed belief that technology is value-
neutral, and that bias is merely a technical glitch, rather than a reflection of embedded institutional 
forces (Marjanovic et al. 2022). 

The same condition also fosters dehumanisation. When designers hold a view of users as predictable 
and purely rational actors (or worse, as mere data points in an optimisation problem), they design 
systems that treat humans in a mathematical, mechanical way (Bankins et al. 2022; Fleiss et al. 2024; 
Qin et al., 2023). When such AI-driven processes ignore essential personal contexts, users report feeling 
reduced and invalidated (Bankins et al. 2022; Ochmann et al. 2024), a direct consequence of a design 
model that prioritises technical optimisation over empathetic, relational processes. 

Ultimately, the implicit theories of Condition 1 are not just one cause among seven. Instead, they are 
often the foundational seed from which many other socio-technical failures grow. 

5.2 Condition 2: Systems Designer's Concept of Responsibility 

The second condition examines how designers conceptualise accountability within an STS (Bostrom & 
Heinen, 1977a). Failures arise when designers create systems that obscure human responsibility or 
implicitly encourage its delegation to the machine. Our findings show that a flawed concept of 
responsibility is the root cause of two seemingly contradictory yet deeply related barriers: overreliance 
and algorithmic aversion. 

Overreliance emerges when designers build systems that are perceived as autonomous decision-makers, 
implicitly framing human users as passive actors. This encourages users to offload responsibility, 
particularly when algorithmic outputs are presented as objective or authoritative (Ghasemaghaei & 
Kordzadeh 2024b; Wu et al. 2024). The automation bias exacerbates this dynamic when users 
excessively trust algorithmic recommendations and uncritically accept flawed or biased outcomes 
(Fleiss et al. 2024; Sipior et al. 2024). The result is a dangerous erosion of accountability. Managers have 
been found to follow unjust algorithmic suggestions without guilt, effectively blaming the system for 
discriminatory decisions (Ghasemaghaei & Kordzadeh 2024b). 

Conversely, a lack of clear accountability structures can also lead to algorithmic aversion. Savvy users 
may distrust and resist systems precisely because they recognise that an algorithm cannot be held 
accountable for its actions (Fleiss et al. 2024; Ransbotham et al. 2016). This effect is tightly linked to a 
perceived loss of control: Employees feel they lack the agency to intervene in or to override automated 
processes, leaving them powerless with a system that makes decisions without being accountable 
(Floridi et al. 2018; Mirbabaie et al. 2022). 

Both overreliance and aversion, therefore, are symptoms of a central failure: The system’s design and 
implementation did not efficiently establish a structure of shared, human-centred responsibility. 

5.3 Condition 3: Non-Systemic View 

The third condition highlights a failure to adopt a holistic perspective, where designers optimise a 
system in isolation, ignoring its interactions and secondary effects within the broader social context 
(Bostrom & Heinen 1977a). This narrow focus is particularly dangerous in AI deployment because it 
neglects how AI not only operates within a social framework but also actively shapes it, often through 
self-reinforcing feedback loops. 

The amplification of bias is most illustrative of this non-systematic view. An AI model used for predictive 
policing, trained on historically biased arrest data, will inevitably focus patrols on already over-policed 
communities if we overlook the origins of the data. This intervention alters social reality: Increased 
patrols lead to more arrests, which in turn generate more biased data that feeds back into the model 
(Bauer et al. 2024; Feuerriegel et al. 2020; Gupta et al. 2022), potentially leading to the collapse of AI 

models (Savage 2025). This creates a self-perpetuating cycle of discrimination that fails to recognise the 
bias in the data. 

The failure to recognise the larger surrounding system has profound systemic consequences across 
society. On a macro level, it fosters forms of global power dynamics through data colonialism, where 
local data fuels innovation for global tech giants while reinforcing geopolitical dependencies (Arora et 
al. 2023; Gravett 2022). It also widens the digital divide by deploying services that systematically 
exclude those lacking access or skills (Carter et al. 2020; Jeon et al. 2024). On an organisational level, a 
narrow focus on efficiency can lead to unintended shifts in organisational power dynamics and the 
implementation of algorithmic control, undermining employee autonomy and provoking resistance 
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(Claure et al. 2023; Heeks et al. 2024; Loureiro et al. 2021). The societal costs of job displacement 
(Floridi et al. 2018; Ransbotham et al. 2016) and individual experiences of dehumanisation through 
efficient but emotionally hollow and automated processes (Porra et al. 2020) trace back to this same 
fundamental failure to anticipate social ripple effects. 

These tensions also illustrate a common challenge in system optimisation, where maximising one metric 
can inadvertently harm another (e.g., the pursuit of efficiency may compromise equitable outcomes). 
Similarly, improving fairness through better representation could conflict with privacy, as it might 
require vulnerable groups to provide more sensitive data (Buyl & de Bie 2024; Liu & Tao 2022). Another 
trade-off exists between trust and transparency. While greater transparency can enhance 
understanding, it can also overwhelm users, ultimately undermining their trust (Hu et al., 2024). These 
challenges reveal how optimising for a single goal can create new barriers, emphasising the necessity for 
a systemic perspective that anticipates such effects. 

In sum, Condition 3 failures are responsible for many second-order effects of AI deployment. If 

designers or organisations do not account for the whole picture, then the technology interacts with 
existing structures in harmful ways (Langer & Landers 2021; Loureiro et al. 2021). A non-systemic 
approach favours those who are already in a powerful position. C3 misalignment becomes visible 
wherever AI implementation produces broad social side effects that designers should have accounted 
for but didn’t. 

5.4 Condition 4: Limited Goal Orientation 

The fourth condition focuses on a narrow definition of success, in which system implementation is 
primarily guided by technological and economic goals, such as productivity and cost reduction. This 
approach often overlooks important social objectives (Bostrom & Heinen 1977a). This limited focus on 
goals is a major factor contributing to socio-technical failures, since it frequently requires a trade-off 
between measurable system efficiency and social values. 

This tension is particularly evident in the issue of bias. Organisations often prioritise predictive accuracy 
or efficiency, even if it means perpetuating unfair practices (Akter, Dwivedi, et al. 2021; Ghasemaghaei 
& Kordzadeh 2024a; Koechling et al. 2021; Kordzadeh & Ghasemaghaei 2022; Moussawi et al. 2024; 
Ransbotham et al. 2016). For example, in algorithmic hiring, an exclusive focus on matching candidates 
to historical profiles of success can result in the systematic exclusion of non-traditional candidates, thus 
reinforcing homogeneity in the workplace (Koechling et al. 2021; Yarger et al. 2020). This is frequently 
not an oversight but rather a strategic choice, driven by institutional pressures to conform to industry 
norms that prioritise easily quantifiable performance metrics over less tangible social goals. However, 
this strategy is shortsighted, as it sacrifices the long-term advantages of workforce diversity for the sake 
of short-term uniformity (Dimaggio & Powell 1983). 

Additionally, the pressure to meet performance targets can lead to overreliance, where employees may 
feel compelled to rely on algorithmic recommendations to save time, especially in high-stakes situations 
or tight deadlines (Klingbeil et al. 2024; Kushwaha et al., 2023; Langer & Landers, 2021). When cost 
reduction is framed as the ultimate goal, AI implementation may become focused on replacing human 
workers, leading to job displacement (Ransbotham et al. 2016). If organisations do not invest in 
retraining displaced workers because that’s outside the immediate cost metric, employees feel 
expendable, raising public unemployment issues (related to C3’s systemic problems). On a global scale, 
if the goal is framed as connecting a certain number of users to a service, a company may neglect the 
simultaneous goal of ensuring that those million users have local data rights and benefits. Hence, global 
expansion often follows the path of least resistance, which can lead to persistent global power 
imbalances (Arora et al. 2023). 

If an entire industry prioritises efficiency above all else, each organisation will align its goals accordingly. 

This reveals a systemic issue that extends beyond individual designs. It is important to recognise that 
addressing these issues may require reframing success criteria at the market or societal level. Condition 
4 highlights that if fairness and human factors are not explicitly targeted, the system will not achieve 
those outcomes and render additional systemic shortsightness. A limited goal orientation can also 
reinforce a non-systemic view (C3) if organisations measure success over narrow metrics instead of 
accounting for broader systemic consequences. In this sense, C4 often acts as a precursor or driver of 
C3, as limited goals constrain the scope of what is considered relevant during system optimisation. 

5.5 Condition 5: Limited Design Referent Group 

Fifth, failures occur when systems are designed exclusively for a narrow group of users, neglecting other 
stakeholders’ needs (Bostrom & Heinen 1977a). If marginalised communities are excluded from the 
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design process, the resulting systems are often ill-suited for them, perpetuating bias (Gupta et al. 2022; 
Nedungadi et al. 2024). For instance, a recruiting tool trained on biased historical data might compel 
minority job applicants to engage in "code-switching" or mask their identities to adapt to a system that 
was not designed with them in mind (Bedemariam & Wessel 2023). 

This exclusion breeds mistrust and alienation, creating barriers such as the uncanny valley effect, 
dehumanisation, and algorithmic aversion. When designers fail to consider the diverse cultural and 
individual expectations, anthropomorphic systems can feel unsettling or emotionally hollow (Baudier & 
de Boissieu 2025; Bigman et al. 2021; Chang et al. 2018). Users who realise they were not consulted 
often perceive the technology as being imposed upon them, leading to suspicion and resistance. 
Moreover, designing with an idealised, tech-savvy user in mind, while ignoring those with fewer 
resources or lower proficiency, actively widens the digital divide (Hu et al. 2024). 

Notably, Condition 5 pertains to absent perspectives, whereas Condition 1 addresses biased perspectives 
that are present. These conditions frequently coincide. For example, a homogeneous design team is 
likely to produce a limited referent group. On the other hand, broadening the referent group (C5) can 
help designers gain a more comprehensive view and challenge their implicit assumptions (C1). 

5.6 Condition 6: Rational/Static View of the System Development Process 

The sixth condition critiques the common perception of system development as a linear process, 
highlighting how this perspective overlooks the dynamic nature of organisations and the complex, often 
unpredictable ways individuals respond to technology over time (Bostrom & Heinen 1977a). It explains 
that socio-technical failures may not be evident at launch but can emerge and escalate after deployment. 

This temporal and contextual perspective provides a new lens for understanding bias. A static view may 
overlook concept drift (i.e., data patterns change over time), leading to a decline in the performance of 
a once-accurate model (Bauer et al. 2024). More critically, it fails to recognise that a model’s own outputs 
can influence its environment. Consequently, bias is not merely a static flaw but can evolve into a 
dynamic, self-reinforcing process. In this scenario, feedback loops can exacerbate initial unfairness as 
an unsupervised system generates increasingly skewed data. 

This inability to foresee emergent human and systemic behaviours also sheds light on other gradually 
developing obstacles. For instance, overreliance often stems from "automation complacency" 
(Parasuraman & Manzey 2010), where users' vigilance diminishes due to prolonged, successful system 
use (Fleiss et al. 2024; Klingbeil et al. 2024). Such a static approach can also lead to mission creep, where 
systems for algorithmic control or data collection expand beyond their original intent, with increasing 
implications for privacy (Seoane & Velasco 2024). Similarly, a static view can solidify initial shifts in 
power into rigid structures over time, resulting in entrenched organisational power dynamics and 
imbalanced global power dynamics. 

Ultimately, a static approach neglects the complex reality that trust and human behaviour are not fixed 
but constantly evolving. This creates a core dilemma between stability and change: Developers may fear 
the instability and costs associated with ongoing fairness interventions (von Zahn et al., 2022). 
Ironically, failing to accommodate unexpected changes can lead to even greater performance instability 
later when the system no longer serves its intended purpose (Akter, Dwivedi, et al, 2021; Buyl & de Bie 
2024; Pessach & Shmueli 2021). 

5.7 Condition 7: Limited Change Management 

The final, seventh condition highlights a key pitfall that arises from the misconception that 
implementing a system guarantees success. This belief often results in minimal investment in essential 
areas like refining workflows, reorganising procedures, and addressing cultural factors crucial for 
effective adoption (Bostrom & Heinen 1977a). While the earlier conditions focus on flaws in the system’s 
design, this one emphasises failures in the rollout and integration of technology within the social fabric 
of the organisation. 

This perspective is vital when addressing user resistance and mistrust, such as algorithmic aversion. A 
limited change approach might assume that simply increasing technical transparency will build trust or 
fairness (Mirbabaie et al., 2025). However, literature shows that trust is also based on users’ feeling 
respected and included throughout the process, which requires active communication and tailored 
support (Bankins et al. 2022; Siering 2022). Similarly, combating overreliance requires more than a 
single training session. A simple reminder of accountability does not significantly reduce users’ 
inclination to follow flawed AI recommendations (Ghasemaghaei & Kordzadeh 2024b). This suggests 
that organisational processes need to be redesigned to genuinely promote accountability. 
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Effective change management is crucial for addressing structural barriers. For instance, bridging the 
digital divide is a specific change management task. When AI systems are implemented without 
sufficient support and resources for less tech-savvy individuals, it often leads to frustration and 
disengagement (Hu et al. 2024; S. Kim 2025). Similarly, the issue of job displacement can be addressed 
in various ways; its societal effects can be mitigated by actively providing training for new roles or 
redesigning jobs to work alongside AI, rather than simply replacing human labour (Marabelli et al. 
2021). 

Addressing concerns regarding breach of privacy also goes beyond mere technical compliance. It 
involves building trust through careful rollout processes that clearly explain how data is used and ensure 
that users have control over their data (Floridi et al. 2018; Liu & Tao 2022; Someh et al. 2019). 

Condition 7 is central to the STS perspective since the analysis shows that many barriers can be traced 
to insufficient integration of the human element during implementation. Whether it’s trust (users 
weren’t onboarded properly), misuse (lack of training/policies), or resistance (stakeholders not included 
or considered), these are issues of change management. Fortunately, they are manageable if recognised. 
We can train, we can involve, we can set rules, but only if we plan for it. Plus, tensions become apparent: 
Organisations may rapidly deploy AI to reap benefits (speed as a goal, related to C4), but substantial 
change requires time and resources. Skipping the latter can backfire, for one, a botched implementation 
that needs revision or causes harm. Another tension is technology vs. user capacity: A modern AI might 
be state-of-the-art, but if users can’t absorb it, its value diminishes. Therefore, effective change 
management should either make usage easier or elevate users to the needed capacity. 

6 Conclusion and Summary 

In this article, we argued that scholarship that deals with issues surrounding AI fails to adequately attend 
to the root causes. Consequently, solutions are insufficient given the ubiquitous implementation of AI. 
Since this pattern parallels Bostrom and Heinen’s STS framework, we apply it to the contemporary AI 
corpus to shift the scholarly attention to the underlying causes of known issues. This shows how 
recurring challenges follow identifiable patterns linked to specific conditions that can be anticipated 
and, crucially, managed. To this end, we synthesised the literature into four thematic clusters: Structural 
Inequality, Erosion of Trust, Erosion of Meaningful Work, and Consolidation of Power. We then link 
their underlying dynamics to Bostrom and Heinen’s seven conditions for MIS problems and failures. 

Crucially, the seven conditions are interdependent. We observe recurrent couplings (e.g., a limited goal 
orientation (C4) narrows the analytic scope and reproduces a non-systemic view (C3)). These couplings 
surface design trade-offs that must be negotiated up front in AI governance (efficiency vs. equity, 
fairness vs. privacy, transparency vs. trust), turning tensions into design-time choices rather than after-
the-fact surprises. By specifying how goal conflicts arise from condition couplings and locating them to 
design-time levers, we foreground the power dimensions that connect conditions. 

By shifting the focus from surface-level symptoms to underlying causal mechanisms, we provide a 
diagnostic framework (see Table 1) that links the conditions that cause problems to socio-technical 
mechanisms and organisational consequences. For each condition, we specify common failure 
signatures and the mechanisms through which problems may intensify over time to facilitate diagnostics 
and to anticipate AI-related risks before they escalate. We invite future scholarship to translate our 
proposed mapping and solution principles (see Table 1) into actionable design guidance and solutions. 

This work relocates several debates typically framed as ethical questions from the margins of 
deployment to the core of system design. We sincerely believe scholars and practitioners—and ultimately 
everyone—can benefit from attending to the root causes of emerging AI failures. 
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Appendix 1: Conditions of the Socio-Technical Systems Perspective 

Condition Core Idea 

C1: Systems Designer's Implicit Designers' unexamined, implicit assumptions about 
Theories human behaviour (e.g., viewing users as inefficient or 

change-resistant) unconsciously shape the system 
design, often leading to alienating outcomes. 

C2: Systems Designer's Concept of A flawed concept of responsibility where designers 
Responsibility assume full control over the change, failing to empower 

users to retain ownership, which is a prerequisite for 
meaningful adoption and success. 

C3: Non-Systemic View A narrow focus on the immediate technical system 
while ignoring the secondary effects or ripple effects on 
the broader social structure, work relationships, and 
distribution of authority. 

C4: Limited Goal Orientation A narrow definition of success focused solely on 
technical or economic goals (e.g., efficiency), while 
crucial social objectives like quality of working life 
(QWL) are seen as secondary or sacrificed. 

C5: Limited Design Referent Group The system is designed for a narrow group of primary 
users (e.g., management), while the needs and roles of 
secondary or peripheral users (e.g., clerks, data entry 
staff) are ignored, despite their critical role in the 
system's overall performance. 

C6: Rational/Static View of The idealized view of system development as a linear, 
Development rational sequence of steps, which fails to account for the 

dynamic, political, and iterative nature of 
organizational change and stakeholder negotiations. 

C7: Limited Change Technologies An exclusive reliance on technical interventions and 
basic training, while neglecting the broader toolkit from 
behavioural sciences and Organizational Development 
(OD) needed to address social system issues like job 
redesign or interdepartmental conflict. 

Table 2 The Seven Conditions Leading to MIS Failures (based on Bostrom & Heinen, 1977a) 
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Appendix 2: Literature Search and Mapping 

Database Search Query 

Web of Science TS=("Artificial Intelligence" OR "AI" OR "LLM" OR "Large Language 
Model*") AND TS=("fair*" OR "transparen*" OR "algorithmic bias" OR 
"sexis*" OR "gender" OR "racis*" OR "digital divide" OR "inequal*" OR 
"global south" OR "*colonial*") 

AISel abstract:("fair*" OR "transparen*" OR "algorithmic bias" OR "sexis*" 
OR "gender" OR "racis*" OR "digital divide" OR "inequal*" OR "global 
south" OR "*colonial*") AND abstract:( "artificial intelligence" OR "AI" 
OR "LLM" OR "large language model*“) 

Table 3 Structured Search Query for Database Retrieval 
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Concept Referenced by 

Reinforcement of Structural Inequality 

Bias (Akter, Dwivedi, et al., 2021; Akter, McCarthy, et al., 2021; Alkhatib, 2021; Arora 
et al., 2023; Aydin et al., 2023; Bauer et al., 2024; Bedemariam & Wessel, 2023; 
Bigman et al., 2021; Birzhandi & Cho, 2023; Buyl & de Bie, 2024; Carter et al., 
2020; Cornacchia et al., 2023; Cowgill et al., 2020; Feuerriegel et al., 2020; 
Fleiss et al., 2024; Floridi et al., 2018; Ghasemaghaei & Kordzadeh, 2024a, 
2024b; Gupta et al., 2022; Hoffmann, 2019; Isaac et al., 2024; Jahangir et al., 
2021; Keyes, 2018; S. Kim, 2025; Koechling et al., 2021; Kordzadeh & 
Ghasemaghaei, 2022; Kushwaha et al., 2023; Laine et al., 2024; Lambrecht & 
Tucker, 2019; Langer & Landers, 2021; Loureiro et al., 2021, 2021; Y. Lu, 2019; 
Marabelli et al., 2021; Marjanovic et al., 2022; Marotta, 2022; Martin, 2019; 
Ochmann et al., 2024; Pessach & Shmueli, 2021; Ransbotham et al., 2016; Rhue, 
2024; Rondina et al., 2025; Siering, 2022; Sipior et al., 2024; Tsung-Yu et al., 
2024; van Berkel et al., 2023, 2023; von Zahn et al., 2022; Wesche & 
Sonderegger, 2021; Yan et al., 2024; Yarger et al., 2020; Zhdanov et al., 2022) 

Age (Birzhandi & Cho, 2023; Gupta et al., 2022; Isaac et al., 2024; S. Kim, 2025; 
Siering, 2022) 

Gender (Alkhatib, 2021; Aydin et al., 2023; Bauer et al., 2024; Birzhandi & Cho, 2023; 
Buyl & de Bie, 2024; Cornacchia et al., 2023; Feuerriegel et al., 2020; 
Ghasemaghaei & Kordzadeh, 2024a; Gupta et al., 2022; Hoffmann, 2019; Isaac 
et al., 2024; Keyes, 2018; Koechling et al., 2021; Kordzadeh & Ghasemaghaei, 
2022; Kushwaha et al., 2023; Lambrecht & Tucker, 2019; Marjanovic et al., 
2022; Marotta, 2022; Moussawi et al., 2024; Nedungadi et al., 2024; Pessach & 
Shmueli, 2021; Russo et al., 2021; Tsung-Yu et al., 2024; Wang et al., 2021; 
Yarger et al., 2020) 

Transgender (Alkhatib, 2021; Keyes, 2018) 

Ethnicity (Alkhatib, 2021; Bedemariam & Wessel, 2023; Bigman et al., 2021; Birzhandi & 
Cho, 2023; Buyl & de Bie, 2024; Cornacchia et al., 2023; Feuerriegel et al., 2020; 
Gupta et al., 2022; Hoffmann, 2019; Isaac et al., 2024; Koechling et al., 2021; 
Kordzadeh & Ghasemaghaei, 2022; Kushwaha et al., 2023; Marabelli et al., 2021; 
Marjanovic et al., 2022; Martin, 2019; Moussawi et al., 2024; Pessach & Shmueli, 
2021; Rhue, 2024; Yarger et al., 2020) 

Disability (Birzhandi & Cho, 2023; Buyl & de Bie, 2024; Hoffmann, 2019; Jahangir et al., 
2021; Marjanovic et al., 2022; Rondina et al., 2025) 

Digital Divide (Arora et al., 2023; Binesh & Baloglu, 2023; Carter et al., 2020; Heng et al., 2022; 
Hu et al., 2024; Jeon et al., 2024; D. Kim & Song, 2024; S. Kim, 2025; Loureiro et 
al., 2021; Marabelli et al., 2021; Marjanovic et al., 2022; Ransbotham et al., 2016; 
P. Sharma et al., 2024; Wang et al., 2021; Yan et al., 2024) 

Erosion of Trust 

Anthropomorp 
hism/Uncanny 
Valley 

(Baudier & de Boissieu, 2025; Binesh & Baloglu, 2023; Chang et al., 2018; Hong 
et al., 2022; Hoorn & Huang, 2024; Hu et al., 2024; Liu & Tao, 2022; Mou & Xu, 
2017; Noor et al., 2022; Ochmann et al., 2024; Oleksy et al., 2023; Porra et al., 
2020; Russo et al., 2021; Schanke et al., 2021; M. Sharma et al., 2024; Sipior et al., 
2024; Tsung-Yu et al., 2024; Wu et al., 2024; Yanit et al., 2023) 

Dehumanisati (Bankins et al., 2022; Bedemariam & Wessel, 2023; Bigman et al., 2021; Floridi et 
on al., 2018; Kwet, 2019; Langer & Landers, 2021; Loureiro et al., 2021; Y. Lu, 2019; 

Marjanovic et al., 2022; Marotta, 2022; Porra et al., 2020; van Berkel et al., 2023; 
Wesche & Sonderegger, 2021) 

Breach of (Balakrishnan et al., 2024; Floridi et al., 2018; Gravett, 2022; Kushwaha et al., 
Privacy 2023; Kwet, 2019; Laine et al., 2024; Langer & Landers, 2021; Liu & Tao, 2022; Y. 

Lu, 2019; Marabelli et al., 2021; Marjanovic et al., 2022; Marotta, 2022; Masiero 
& Das, 2019; Ransbotham et al., 2016; Seoane & Velasco, 2024; Sipior et al., 2024; 
Someh et al., 2019; Zhdanov et al., 2022) 
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Algorithmic 
Aversion 

(Avci, 2024; Balakrishnan et al., 2024; Bankins et al., 2022; Baudier & de Boissieu, 
2025; Bauer et al., 2024; Bedemariam & Wessel, 2023; Bigman et al., 2021; Binesh 
& Baloglu, 2023; Birzhandi & Cho, 2023; Chang et al., 2018; Feuerriegel et al., 
2020; Fleiss et al., 2024; Floridi et al., 2018; Ghasemaghaei & Kordzadeh, 2024a, 
2024b; Gude, 2023; Gupta et al., 2022; Hoddinghaus et al., 2021; Hong et al., 
2022; Hoorn & Huang, 2024; Hu et al., 2024; Isaac et al., 2024; D. Kim & Song, 
2024; S. Kim, 2025; Klingbeil et al., 2024; Koechling et al., 2021; Kushwaha et al., 
2023; Laine et al., 2024; Langer & Landers, 2021; Liu & Tao, 2022; Loureiro et al., 
2021; T. Lu & Zhang, 2024; Marabelli et al., 2021; Marjanovic et al., 2022; 
Marotta, 2022; Martin, 2019; Masiero & Das, 2019; Mirbabaie et al., 2022; Mou & 
Xu, 2017; Noor et al., 2022; Ochmann et al., 2024; Oleksy et al., 2023; Qin et al., 
2023; Rhue, 2024; Russo et al., 2021; Schanke et al., 2021; M. Sharma et al., 2024; 
Siering, 2022; Sipior et al., 2024; Someh et al., 2019; Tsung-Yu et al., 2024; 
Wesche & Sonderegger, 2021; Yanit et al., 2023) 

Erosion of Meaningful Work 

Loss of Control 

Overreliance 

Sense of 
Accountability 

(Floridi et al., 2018; Hu et al., 2024; Mirbabaie et al., 2022; Oleksy et al., 2023; 
Sartori & Theodorou, 2022; Someh et al., 2019) 

(Alkhatib, 2021; Bankins et al., 2022; Bauer et al., 2024; Claure et al., 2023; 
Cowgill et al., 2020; Fleiss et al., 2024; Floridi et al., 2018; Ghasemaghaei & 
Kordzadeh, 2024a, 2024b; Isaac et al., 2024; Klingbeil et al., 2024; Kushwaha et 
al., 2023; Laine et al., 2024; Langer & Landers, 2021; Loureiro et al., 2021; T. Lu 
& Zhang, 2024; Masiero & Das, 2019; Mirbabaie et al., 2022; Ochmann et al., 
2024; Porra et al., 2020; Qin et al., 2023; Rhue, 2024; M. Sharma et al., 2024; 
Siering, 2022; Sipior et al., 2024; Someh et al., 2019; Tsung-Yu et al., 2024; Wang 
et al., 2021; Wu et al., 2024; Yanit et al., 2023) 

(Bankins et al., 2022; Bauer et al., 2024; Bigman et al., 2021; Claure et al., 2023; 
Feuerriegel et al., 2020; Floridi et al., 2018; Ghasemaghaei & Kordzadeh, 2024a, 
2024b; Hoffmann, 2019; Isaac et al., 2024; Kushwaha et al., 2023; Laine et al., 
2024; Langer & Landers, 2021; Y. Lu, 2019; Marjanovic et al., 2022; Marotta, 
2022; Martin, 2019; Pessach & Shmueli, 2021; Ransbotham et al., 2016; Siering, 
2022; Wu et al., 2024; Zhdanov et al., 2022) 

Job 
Displacement 

(Aydin et al., 2023; Carter et al., 2020; Claure et al., 2023; Floridi et al., 2018; 
Heng et al., 2022; Loureiro et al., 2021; Y. Lu, 2019; Marabelli et al., 2021; 
Mirbabaie et al., 2022; Qin et al., 2023; Ransbotham et al., 2016; Wesche & 
Sonderegger, 2021; Zhang et al., 2024) 

Consolidation of Power 

Global Power 
Dynamics/Dat 
a Colonialism 

(Arora et al., 2023; Baudier & de Boissieu, 2025; Buyl & de Bie, 2024; Floridi et 
al., 2018; Gravett, 2022; Heeks et al., 2024; Heng et al., 2022; Kwet, 2019; 
Loureiro et al., 2021; Marabelli et al., 2021; Marjanovic et al., 2022; Masiero & 
Das, 2019; Sartori & Theodorou, 2022; Seoane & Velasco, 2024; Someh et al., 
2019; van Berkel et al., 2023; Rieskamp et al. 2023) 

Organizational (Baudier & de Boissieu, 2025; Floridi et al., 2018; Gravett, 2022; Heng et al., 2022; 
Power Kwet, 2019; Marabelli et al., 2021a; Marjanovic et al., 2022; Nedungadi et al., 
Dynamics 2024; Seoane & Velasco, 2024; Sipior et al., 2024; Someh et al., 2019; van Berkel 

et al., 2023) 

Algorithmic (Buyl & de Bie, 2024; Floridi et al., 2018; Gravett, 2022; Heeks et al., 2024; Hu et 
Control al., 2024; Kwet, 2019; Langer & Landers, 2021; Loureiro et al., 2021; Marabelli et 

al., 2021; Marjanovic et al., 2022; Ransbotham et al., 2016; Seoane & Velasco, 
2024; Someh et al., 2019; Yan :et al., 2024) 

Table 4 Categorization of the Literature 
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Appendix 3: Analysis Process 

Figure 1 Structured Deductive and Inductive Conceptualisation Process 
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Figure 2 Literature Selection Process for the Systematic Review (based on PRISMA) 
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