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V 

Tiivistelmä 

Tekoälyn johtaminen kansallisten rajojen yli poikkeaa perinteisistä tarkasteluista, 
jotka keskittyvät taloudelliseen integraatioon ja sopeutumiseen yhteisen hyvän saa-
vuttamiseksi. Tekoäly on laskennallisen kehityksen kärjessä ja muuttaa yritysten ra-
jat ylittävän toiminnan organisointia. Digitaalisilla globaaleilla markkinoilla johta-
miskäytännöt mahdollistavat nykyaikaisen tekoälyn hyödyntämisen sekä ihmisen ja 
tekoälyn vuorovaikutuksen tukemisen antamalla tekoälylle inhimillisiä piirteitä. 
Tekoäly luo kilpailuetuja mutta myös riskejä sosiaaliselle hyvinvoinnille. Tekoäly he-
rättää sääntelyviranomaisissa huolta harhaanjohtamisesta, manipuloinnista ja käyt-
täjien hyvinvoinnista. Nykyiset sääntelytoimet eivät kuitenkaan riitä luomaan yh-
teistä viitekehystä haittojen ehkäisemiseksi ja vastuullisen tekoälyn tukemiseksi eri 
institutionaalisissa ympäristöissä. Tästä syystä tieteellistä keskustelua tulee arvioida 
uudelleen sen osalta, miten tekoälyä organisoidaan rajat ylittävästi yhteistä hyvää tu-
kevalla tavalla. Väitöskirja tarkastelee tekoälyn strategista organisointia ja kansain-
välistä johtamista taloudellisten ja sosiaalisten tavoitteiden integroimiseksi. Tutki-
mus yhdistää kansainvälisen liiketoiminnan (IB) strategiatutkimuksen ja tietojärjes-
telmätieteen (IS) tietojohtamisen keskustelut. Työ nojaa teoreettiseen pluralismiin, 
refleksiivisyyteen ja järjestelmälähtöiseen metodologiseen täydentävyyteen säilyt-
täen ankkuroinnin molempiin aloihin. Tarkastelu on monitasoinen ja kattaa johtajat, 
käyttäjät sekä nykyaikaisen tekoälyn yhteisen hyvän kontekstissa. Keskeinen kontri-
buutio on globaalisti reagoivan tekoälyn organisoinnin viitekehys, joka jäsentää te-
koälyn johtamista autonomian, vuorovaikutteisuuden, oppimisen ja ulkoasun kautta. 
Nämä ulottuvuudet toteutuvat kolmena keskinäisriippuvaisena sitoumuksena: insti-
tuutioihin vaikuttamisena, haitallisten keinojen estämisenä ja vastuullisuuden var-
mistamisena. Nämä sitoumukset integroidaan oletusarvoisesti tekoälyn eri ulottu-
vuuksiin globaalisti, mikä edellyttää jatkuvaa johtamista rajat ylittävän reagointiky-
vyn varmistamiseksi. Väitöskirja tarjoaa käytännön ohjeita johtajille ja sääntelyviran-
omaisille käyttäjien hyvinvoinnin turvaamiseksi ja siirtää keskustelua ”luotettavasta 
tekoälystä” kohti ”tekoälyn luottamusvastuuseen perustuvaa organisointia”, mikä li-
sää johdonmukaisuutta ja vahvistaa vastuullisuutta eri markkinoilla. Kokonaisuudes-
saan tutkimus edistää IB- ja IS-alojen teoriaa ja käytäntöä viidennen teollisen vallan-
kumouksen ja YK:n kestävän kehityksen tavoitteiden mukaisesti osoittaen, kuinka 
tekoäly voi tukea globaalia kilpailukykyä ja edistää yhteiskunnallista hyvinvointia.  

Asiasanat: kansainvälinen liiketoiminta; tiedonhallinta; tekoälyjärjestelmät; 
globaalisti reagoiva tekoälyn organisointi; vastuullisuus; affordanssi; yrityskohtaiset 
kilpailuedut. 
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Abstract 

Managing artificial intelligence (AI) across national borders differs from traditional 
approaches that focus on economic integration and responsiveness in pursuit of the 
common good. AI is the frontier of computational advancements and is transforming 
how firms organize cross-border activities. In digital global markets, managerial 
actions increasingly enable contemporary AI in different forms to facilitate human-AI 
interaction through anthropomorphization, or the attribution of human-like features. 
While AI offers managers substantial opportunities to create firm-specific 
advantages, it also poses challenges by creating intended and unintended affordances 
that may jeopardize social well-being. AI thus raises regulatory concerns about 
deception, manipulation, and user well-being. However, regulatory responses remain 
insufficient to establish a shared framework for preventing harm and supporting 
responsible AI use across diverse institutional contexts, such as norms and cultures. 
As a result, existing scholarly conversations need to reconsider how AI can be 
organized across borders in ways that ensure responsiveness to the common good. 
Accordingly, this dissertation examines the strategic organizing of AI and, more 
specifically, how AI can be managed across borders in a globally responsive manner 
to integrate economic and social goals. It brings together international strategy 
research in international business (IB) and information management discourse in 
information systems (IS). It embraces theoretical pluralism, reflexivity, and systems-
oriented methodological complementarity while remaining grounded in both IB and 
IS. The unit of observation is multilevel, encompassing managers, users, and 
contemporary AI in the context of the common good. The central contribution of this 
dissertation is a novel framework, Globally Responsive AI Organizing (GRAO), which 
proposes managing AI through four interrelated facets: (1) autonomy, (2) 
interactivity, (3) learning, and (4) appearance. These facets are enacted through 
trusteeship organizing to constitute three interdependent covenants that 
intentionally prioritize proactiveness in (a) addressing institutions, (b) blocking 
harmful means, and (c) ensuring accountability. These trusteeship covenants are 
integrated into the facets of AI globally by default, which may require constant 
managerial action to ensure responsiveness across borders. The dissertation 
provides practical guidance for managers and regulators to safeguard user well-
being, shifting the existing discourse from “trustworthy AI” to “trusteeship organizing 
of AI” to achieve coherence and ensure accountability across markets. Overall, it 
advances theory and practice in IB and IS in alignment with the Fifth Industrial 
Revolution and the United Nations Sustainable Development Goals by showing how 
AI can support global competitiveness while promoting social welfare. 

Keywords: international business; information management; AI systems; Globally 
Responsive AI Organizing; trusteeship; affordance; firm-specific advantages. 
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Reckoning 
(A profound metaphysical expression rooted in the reading of the Qur’an) 

 
In the ever-expanding universe, 

I am on a tiny planet called Earth,  
Where mountains as stakes and the sky as a roof. 

Rain from the sky, giving life to the earth after its death. 

 
 

I crawled out from the womb by single pairs. 
Suddenly, non-existence exists for a short period of time. 

Amazed by differences, distances, and various colors. 

Alone among the unseen, light, river, fire, and all that exists? 

Above and within the earth, 
There are entities, places, and events. 

Some are observed by the law of nature. 
Some are unseen and unknown, unable to explain. 

But they seem to exist. 

Everything seems organized and purposeful. 
Interconnected to a single unifying structure. 

Respect, responsibility, and humility for unity. 
Justice for peace and everlasting happiness. 

The constant reckoning of trusteeship for goodness. 

Return to Omniscience, to the state of All-Knowing. 
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To comprehend how small the Earth is in our solar system, visit solartoscale.com 
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1 INTRODUCTION 

Development and deployment of artificial intelligence (AI) across national borders is 
transforming organizing at the firm level, creating space for novel theorizing in 
international business (IB) and information systems (IS) scholarship. AI-driven 
transformation is widely recognized in existing conversations in both IB (Buckley et 
al., 2026; Ratten et al., 2024) and IS (Asatiani et al., 2021; Lyytinen et al., 2021). Based 
on various advanced computing approaches such as machine learning, computer 
vision, and generative pre-trained transformer, contemporary AI is increasingly 
being embedded into international business activities. Defined as the frontier of 
computational advancements to address decision-making problems with or without 
human intervention, AI is an evolving frontier of organizing systems rather than a 
discrete tool (Berente et al., 2021). However, AI increasingly manifests through 
diverse contemporary forms broadly encompassing robotic, virtual, embedded, and 
algorithmic representations. These forms vary according to physical 
(dis)embodiment, unique identity, and anthropomorphic (human-like) features 
(Glikson & Woolley, 2020; Hasan, Thaichon, et al., 2021). For example, robotic AI 
navigates the complex physical world, such as in autonomous vehicles equipped with 
computer vision. Virtual AI, in contrast, operates within digital environments through 
applications such as conversational interfaces that leverage natural language 
processing. Embedded AI is integrated into devices like facial recognition cameras, 
enabling local data processing, while algorithmic AI includes systems like 
recommendation engines that analyze user behavior behind the scenes for 
personalization. These representations highlight the diverse ways in which AI is 
manifested across physical and digital environments (Hasan, Weaven, et al., 2021). 
However, contemporary AI in these forms is increasingly prevalent across national 
borders. The rising development and deployment of AI reflect its contemporary 
forms and global investment, projected to reach $632 billion by 2028 (International 
Data Corporation, 2024). Statista (2024) estimates an annual AI growth of 27.67%, 
reaching $826.73 billion by 2030. This widespread growth underlies actions within 
firms to address economic reasoning (Parkes & Wellman, 2015) and social well-being 
(Rahwan et al., 2019). This growth is important because AI offers enormous 
opportunities and critical challenges, depending on how managers strategically 
organize and employ it in international business activities. Therefore, any scholarly 
conversation of the strategic management of AI, and more specifically, the question 
of how AI can be strategically organized across borders in a globally responsive 
manner is particularly impactful.  

Among existing conversations, strategic rethinking that emphasizes human-centric 
aspects of managing a system (Ali et al., 2025) and responsible organizing of evolving 
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foundational properties of AI in firm-level settings is significant (Berente et al., 2021). 
While differentiating contemporary AI is critical, focusing on its facets that are 
ingrained across various representations is more strategically important. 
Contemporary AI poses facets like learning and autonomy, distinguishing them from 
earlier technological advancements. These facets of AI provide managers with 
immense possibilities to design products or services and to innovate new capabilities, 
gaining firm-specific advantages (Ameen et al., 2024; Stelmaszak et al., 2025). 
Examining facets of AI is therefore paramount because they create different 
opportunities and institutional constraints in international markets. For example, 
virtual AI with an interactivity facet is often developed and deployed globally by 
default, based on an integrated architecture and trained on globally sourced data. In 
contrast, robotic AI with an appearance facet may embody local institutional value 
judgments and be trained on locally sourced, less representative datasets that 
subsequently shape system behavior. Similarly, algorithmic AI with a learning facet 
may rely on globally integrated models trained using synthetic data produced by 
another computational system. Facets of AI are highly relevant for both IB and IS. In 
IB, they influence how managerial actions within firms respond to uncertainty across 
countries stemming from environmental heterogeneity and institutional differences. 
In IS, they constitute managerial rationale for different socio-technical arrangements 
in response to firms’ environmental and strategic choices. Emerging pervasive 
dynamics of facets of AI challenge existing schemas in theorizing, and there are novel 
opportunities to join existing theoretical conversations to achieve the common good. 

The context of the common good can be understood as the collective well-being of 
society, aligning with justice and responsibility, while also generating rents and 
making profits for survival and growth (Ali et al., 2013; Fuso Nerini, 2026). 
Understanding how to organize facets of AI across borders in the context of the 
common good is paramount for information management discourse in IS (Berente et 
al., 2021; Zheng & Jarvenpaa, 2021), where both opportunities and challenges are 
simultaneously internationalized. Explaining strategic organizing of AI in cross-
border activities at the firm level is also particularly relevant for international 
strategy discourse in IB (Bartlett & Ghoshal, 1989; Nambisan & Luo, 2021). Managing 
AI across borders, therefore, requires moving beyond country-level adaptation or 
compliance, and more towards a responsible, globally coordinated strategic 
organizing for responsiveness (Nambisan & Luo, 2021). Accordingly, firm-specific 
actors like top and middle managers may need to rethink how to organize AI 
strategically to be globally responsive to integrate economic reasons with social 
imperatives. At the same time, regulators may want to enable responsibility to 
develop and deploy contemporary AI across markets to serve the common good (Ali 
et al., 2025; Bartneck et al., 2021). For example, managers need to develop AI-based 
assets and deploy them in user-facing services while remaining responsive to local 

2 Acta Wasaensia



 

institutions, and regulators need to institute a shared framework to evaluate 
emerging facets of AI and prevent risks of harm to ensure user well-being (the AI Act, 
European Commission, 2024). While managers navigate such tensions and 
complexity across borders, their actions in assuming greater responsibility are 
crucial and cannot be ignored in internationalizing activities (Tatarinov et al., 2023). 
Therefore, conversations that conceive AI as an evolving frontier of organizing 
capability rather than a single entity provide a more precise analytical basis for 
understanding and explaining (Chalmers et al., 2026).  

As ongoing managerial capabilities, embedded into products, or offering services by 
itself, contemporary AI underpins economic reasoning in cross-border business 
activities (Brynjolfsson et al., 2019; Messner, 2022a). In digital globalized markets, 
managerial actions are embedding facets of AI into user-facing activities, enabling it 
to increasingly mediate interaction between firms and users. As a result, AI-enabled 
services and experiences are becoming more pervasive across geographic and 
national boundaries. However, AI does not facilitate utopia. Accompanied by 
opportunities, facets of AI create many challenges for managers, who face challenges 
from AI’s expanding scope of affordance as well as (un)intended consequences 
stemming from human-like anthropomorphic features (Mori et al., 2012; Schleidgen 
et al., 2023; Zheng & Jarvenpaa, 2021). To enhance user experience, managers may 
enable advanced computing to pursue AI anthropomorphism, in which users tend to 
attribute human qualities to computing systems. In turn, managerial actions around 
contemporary AI pose risks of harm to users (Bartneck et al., 2021; Carroll et al., 
2023; Danaher, 2020). Accordingly, AI raises concerns for regulators about 
deception, accountability, and user well‑being that underscore social imperatives, 
regardless of national boundaries (European Commission, 2024; Wood, 2021). 
Contemporary AI in its different forms is not necessarily confined to a national 
boundary and can be deployed across borders. These forms of contemporary AI with 
evolving facets may then be deployed in markets across borders with heterogeneous 
institutions such as norms, culture, and regulations, with minimal adaptation or little 
regard to national borders. Accordingly, there is a growing concern about 
misalignment and user vulnerabilities, highlighting negative consequences that 
extend beyond national borders (Bartneck et al., 2021; Jobin et al., 2019). Collectively, 
both economic reasoning and the social imperatives of AI in cross-border activities 
underpin the context of the common good (Ali et al., 2025; Cowls et al., 2021). 

Managers are responsible actors within firms for all major decisions regarding the 
development and deployment of AI at home and abroad. They coordinate for AI-based 
capabilities that are less location-bound and transferable across borders, and 
supervise capabilities to be embedded into products or services, enabling 
consumption convergence in digital globalized markets. Managers also use AI for 
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decision-making and customer targeting  (Messner, 2022c, 2022a). They monitor and 
adjust decisions, processes, and routines appropriate for development and 
deployment (Lyytinen et al., 2021; Sobolev, 2023), as well as allocating resources, 
overseeing projects, and governing AI (Berente et al., 2021). Collectively, this range 
of managing activities underpins managerial actions around AI, which in turn shape 
the future and the common good. For managerial actions, AI introduces a variety of 
challenges in internationalizing activities that are socio-technical in nature. Many 
challenges are technical, including solving issues related to safety, black-box 
problems (difficulties in explaining and interpreting), and implementing measures to 
prevent negative outcomes (Rahwan et al., 2019; Rai, 2020). However, many 
challenges are linked to responsible issues, particularly around the deployment, 
usage, and consumption of products and services. These include concerns about 
deception, algorithmic fairness, and the risk of harm (Danaher, 2020; Dolata et al., 
2022; van den Broek et al., 2025). Recent reports in popular media suggest that firms 
using AI may be involved in predatory and exploitative practices that result in 
significant harm. For example, some incidents involve sexual intimacy, violence, self-
harm, death, and murder, including the exploitation of vulnerable users (Burga, 2025; 
Horwitz, 2025; Jargon & Kessler, 2025; Marsden, 2025). Therefore, there is an 
increasing call for accountability where firms are deemed responsible for the possible 
dire consequences of AI in many instances (Buolamwini & Gebru, 2018; Tóth et al., 
2022; Wood et al., 2025). However, accountability also lies with managers. 
Managerial actions are fundamental to communicating, leading, coordinating, 
supervising, and controlling firm-level efforts to navigate complexity that arises from 
diverse institutions in international markets (Aguinis & Gabriel, 2022; Eden & 
Nielsen, 2020). Simultaneously, it is critical for managers and firms to be reflective 
and careful to avoid inflicting harm and negative consequences. 

Against this backdrop, advancing conversations on AI at the intersection of 
international strategy and information management discourse may help managers 
gain a systemic understanding to promote the common good. Research on strategic 
organizing of AI in IB and IS remains limited, despite growing relevance. A relatively 
new conversation on strategic organizing of AI is emerging in the general strategic 
management discourse (Hutzschenreuter & Lämmermann, 2025; Stelmaszak et al., 
2025). However, existing discourse maintains a focus on economic goals in its 
underlying reasoning while overlooking social imperatives and cross-border 
business activities, both of which are major obstacles to advancing scholarly 
conversation to protect the common good. Uncertainty thus remains whether 
managerial actions on AI within firms' cross-border activities will support or hinder 
global sustainable development. Despite its growing relevance to both theory and 
practice, research on how to strategically organize AI across borders remains limited, 
particularly that which integrates economic reasoning with social imperatives. In 
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response, this summary dissertation asks an impact-oriented, overarching research 
question to advance scientific understanding, which is further explored in two 
interrelated sub-questions: How can AI be managed across borders in a globally 
responsive manner to integrate economic and social goals? 

Sub-question 1: How can AI development and deployment be managed to 
achieve responsiveness in international business activities? 

Sub-question 2: How can AI be managed to safeguard users’ well-being 
through enabling responsible development and deployment across borders? 

An understanding of managing AI across borders in a globally responsive manner is 
crucial for both international strategy and information management discourse. Such 
an understanding requires attention to facets of AI that are ingrained across different 
contemporary representations, including robotic, virtual, embedded, and algorithmic 
forms. The rationale is that facets of contemporary AI are increasingly a core enabler 
of value creation, competitiveness, or cross‑border coordination. Addressing the first 
sub-question advances international strategy discourse to explain a possible 
processual mechanism to integrate economic reasoning with societal imperatives 
across diverse institutional environments. It also advances information management 
discourse by explaining facets of AI to ensure adaptive, trustworthy, and locally 
sensitive development and deployment. The second sub-question directly addresses 
governance challenges posed by AI in the global marketplace, thereby enriching both 
discourses. It outlines potential regulatory interventions to develop and deploy AI 
that can safeguard user well-being, minimize the risk of harm, and facilitate 
accountability across markets. Therefore, answering these questions collectively 
constructs an organizing framework for responsiveness across borders. The 
framework aims to bring economic competitiveness and social welfare, thereby fully 
addressing the central research question. To achieve this, this dissertation embraces 
reflexivity, theoretical pluralism, and methodological complementarity to pursue 
knowledge. It is also situated in transdisciplinary AI discourse while remaining 
grounded in IB and IS. 

The framing draws on theoretical pluralism that couples relevant underlying 
assumptions from established theoretical and contemporary conversations in both 
international strategy and information management discourses. In IB, conversation 
includes global integration-local responsiveness (Bartlett & Ghoshal, 1989), and the 
loose coupling systems involved (Nambisan & Luo, 2021). In IS, it includes the AI 
frontier (Berente et al., 2021) and technology anthropomorphism (Zheng & 
Jarvenpaa, 2021). However, it also engages with transdisciplinary AI discourse that 
includes technology harm (Wood, 2021), the AI Act (European Commission, 2024), 
and the trusteeship framework on AI ethics (Ali et al., 2025). To corroborate and align 
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these theoretical conversations, this dissertation adapts a systems-oriented view of 
methodological complementarity to seek knowledge (Arbnor & Bjerke, 2009). The 
contextual boundary involves managerial actions within firms’ cross-border 
activities and responsibility for consumption or usage to achieve the common good. 
The empirical unit of observation is multilevel, encompassing managers, users, and 
contemporary forms of AI. The unit of analysis is the organizing facets of AI used in 
development and deployment to enable globally integrated responsible organizing 
for responsiveness across national borders. Subsequently, this dissertation 
constructs and explains a systems-oriented framework to organize facets of AI in a 
globally responsive manner, namely the 'Globally Responsive AI Organizing (GRAO)'.  

The framework offers ongoing managerial capabilities for responsiveness across 
borders, underpinning firm-specific advantages. It construes four evolving and 
interrelated facets centering on (1) autonomy, (2) interactivity, (3) learning, and (4) 
appearance to develop and deploy contemporary AI.  It then enacts these facets with 
a shared value of trusteeship organizing to achieve ongoing managerial capabilities 
for responsiveness across borders. It institutes three mutually managerial 
trusteeship covenants that are global by default, that intentionally prioritize 
proactiveness in (a) addressing institutions, (b) blocking harmful means, and (c) 
ensuring accountability. Accordingly, trust is baked into managing the scope of 
affordance and performance of AI. Therefore, the summary dissertation contributes 
to knowledge on theory, practice, and regulations, and advances science at the nexus 
of international strategy and information management discourse. Theoretically, it 
constructs and explains an emerging framework for managing AI across borders to 
achieve responsiveness. Accordingly, it broadly engages with two classical streams of 
conversation within IB and IS, which have inherited a multidisciplinary nature. In IB, 
it contributes to international strategy discourse that focuses on worldwide 
effectiveness (Bartlett & Ghoshal, 1989; Birkinshaw, 2022; Nambisan & Luo, 2021). 
In IS, it contributes to information management discourse that focuses on organizing 
advanced technological artifacts in organizational settings (Berente et al., 2021; 
Zheng & Jarvenpaa, 2021). Figure 1 illustrates the theoretical engagement and 
contributions to both IB and IS. However, the proposed theorization is action-
oriented, making the understanding highly relevant for managers and regulators.  
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Figure 1. Theoretical engagement and contribution 
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The summary dissertation has important implications for top and middle managers 
across firms to use AI in international activities, and to configure AI-enabled 
solutions, including new ventures, small and medium-sized enterprises, and 
multinational enterprises. The framework guides managers with concrete 
stewardship to develop and deploy AI that includes delegating affordances, 
configuring firm-specific advantages, governing for competitiveness, and protecting 
the common good. Additionally, it provides implications for regulations to address 
emerging accountability and psychological safety, and recommends how to reduce 
the risk of harm and safeguard user well-being, thereby supporting managers – 
especially those overseeing user-facing applications. Collectively, the summary 
dissertation calls for a cognitive shift in existing discourse from ‘trustworthy AI’ to 
‘trusteeship organizing of AI’ to achieve coherence and ensure accountability across 
markets. Finally, it identifies several avenues for future research to emphasize 
methodological complementarity and outline new issues and perspectives to advance 
research in IB and IS. Besides creating impact for theory and practice, it also has wider 
relevance. Particularly, it aligns with the Fifth Industrial Revolution, which promotes 
human-centric, sustainable technology (European Commission, 2022). Unlike the 
Fourth Industrial Revolution, the Fifth emphasizes ethical and responsible AI 
development and deployment. The strategic integration of economic and social 
reasoning supports the United Nations' (2023) Sustainable Development Goals 
(SDGs), particularly SDGs #12 and #16. These goals are vital for achieving global 
sustainability through firms' cross-border activities, emphasizing responsible 
consumption and production, as well as peace, justice, and strong institutions 
(Marano et al., 2024; Montiel et al., 2021; Vinuesa et al., 2020). This collective effort 
hopes to achieve common good in these contexts. 

This summary dissertation is structured as follows. After the introduction in Chapter 
1, Chapter 2 provides an overview of the theoretical underpinnings and 
conceptualization of the dissertation. Next, Chapter 3 presents the research 
methodology, including paradigmatic standpoints, research design, and data 
collection, analysis, and presentation. After, Chapter 4 summarizes three articles 
included in the dissertation. Finally, Chapter 5 explains the constructed framework 
in relation to the central research question, and provides understandings to guide 
theory, practice, regulations, and future research opportunities.  
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2 THEORETICAL BACKGROUND 

Positing on firms' activities across national borders, this summary dissertation 
engages in a theoretical conversation on strategic management at the intersection of 
IB and IS. In IB, this chapter broadly engages with strategic organizing discourse in 
international strategy that focuses on worldwide effectiveness (Bartlett & Ghoshal, 
1989; Birkinshaw, 2022; Nambisan & Luo, 2021). In IS, it engages with the strategic 
organizing of advanced information technology artifacts in information management 
(Berente et al., 2021; Zheng & Jarvenpaa, 2021), and also engages with wider 
discourse on responsibility to embrace transdisciplinary research on AI (Ali et al., 
2025; Wood, 2021). Instead of gap-filling, however, this chapter engages in 
problematization (Alvesson & Sandberg, 2011). This approach is well-established 
across disciplines, including IS, IB, and management studies (see Dolata et al., 2022; 
Kriz et al., 2023; Ramaul et al., 2025). Through problematization, it identifies 
assumptions for integration and politely challenges their underlying reasoning 
through contextualizing them. Accordingly, it engages with problematization within 
the contextual boundary of achieving the common good in the Fifth Industrial 
Revolution. The objective of this chapter is thus not to provide an exhaustive or 
systematic review of existing literature. Rather, it aims to emphasize the emergent 
nature of strategic organizing of AI that rethinks economic reasoning with 
considerations of societal well-being. However, it also serves as a baseline for 
conceptualization.  

2.1 Contemporary Understanding of AI in International 
Business 

2.1.1 Contemporary Research on AI in International Business 

Although theoretical conversations of AI in international strategy discourse in IB are 
limited, the topic is not entirely new (Cavusgil & Evirgen, 1997; Veiga et al., 2000). In 
recent years, there have been growing efforts and renewed interest seen in various 
cross-border settings (Cerar et al., 2026; Messner, 2022a, 2022c; Yoon et al., 2025). 
Collectively, however, extant discourse mainly focuses on economic goals in its 
reasoning, with little regard for social well-being (Ciulli & Kolk, 2023; Tatarinov et al., 
2023), which poses a challenge to achieve the common good in the Fifth Industrial 
Revolution. Hence, there are increasing opportunities to engage in novel theorizing 
in IB (Buckley et al., 2026; Ratten et al., 2024; Verbeke, 2026). However, there are 
also growing challenges in theorizing about possible negative consequences, and 
some new challenges include strategic concerns regarding violations of end-user 
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privacy, human development, and monopolistic competitive advantage (Benito et al., 
2022; Ghauri et al., 2021), and emerging risks associated with consumption, 
responsibility, and regulation (Birkinshaw, 2022, 2024; Furr et al., 2022). While 
examining AI, there is also minimal conceptual clarity about what one means by AI 
and the types of contemporary AI one deals with (e.g., dos Santos & Williamson, 2024; 
Verbeke, 2026; Yoon et al., 2025). Thus, without clarity, reader (including scholars, 
managers, or regulators) may not find actionable insights in organizing. However, 
continuing such a conversation requires a clear conceptualization of what one means 
by AI.  

Existing scholarly discourse in IB tends to assume that AI possesses human qualities 
in its conceptualizations, and similar observations have also been found in general 
management and organizational research (Ramaul et al., 2025). To illustrate, Ghauri 
et al. (2021, p. 6) view that "AI  can mimic the human psychology, including empathy". 
Ciulli and Kolk (2023, p. 6) define AI as "the ability of machines to perform cognitive 
functions that mimic or exceed human cognitive skills". Hemphill and Kelley (2021, 
p. 589) refer to AI as "a system that makes autonomous decisions". Veiga et al. (2000, 
p. 225) assert that AI is "capable of sophisticated, perhaps intelligent, computation 
and pattern recognition similar to those that the human brain routinely performs". 
Buckley et al. (2026) settle on a machine's ability to perform cognitive functions 
associated with human minds, such as perceiving, reasoning, learning, interacting 
with the environment, problem-solving, decision-making, and even creativity. 
However, these conceptualizations of AI, even from experts and scientists, suggest 
that humans are inherently inclined to anthropomorphize (i.e., attribute human 
traits, emotions, intentions, or behaviors to non-human entities, giving something 
non-human a human form or personality) as they tend to relate everything to their 
existing knowledge about themselves (Zheng & Jarvenpaa, 2021). This dissertation 
argues that anthropomorphic explanations in theorizing overlook the differences in 
actions and arrangements between AI and human agents (Ramaul et al., 2025). 
Nevertheless, existing discourse has been tackling AI across international borders 
implicitly or explicitly for more than two decades (Cavusgil & Evirgen, 1997; Grant & 
Phene, 2022; Nair et al., 2007; Veiga et al., 2000). While there is minimal research on 
strategic organizing in international strategy discourse, three broad streams 
explicitly and implicitly relate to AI within firms across borders. 

The first stream conventionally considers AI an effective analytical or methodological 
tool for doing research and theorizing (Aguinis, 2026). Such a method-driven aspect 
of AI seems effective for pattern recognition in cross-border activities, compared with 
traditional statistical methods (Veiga et al., 2000). Across borders, managers may use 
AI to uncover hidden aspects of national cultures (Messner, 2022b), select 
international markets (Brouthers et al., 2009), evaluate global expansion decisions 
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(Nair et al., 2007), and analyze consumer behavior (Messner, 2022a; Schlegelmilch et 
al., 2023).  

The second stream focuses on the economic scale and scope of generating rents and 
maximizing profit. Some economic opportunities include minimizing transaction 
costs through augmentation and maximizing efficiencies in global operations and the 
global value chain through automation (Gooderham et al., 2022; Menzies et al., 2024; 
Oliva et al., 2022). Additional evidence indicates that managers deploy AI to gain 
complementary advantages in internationalization activities (Brynjolfsson et al., 
2019; Huo & Chaudhry, 2021; Yu et al., 2022). Deploying AI aids managerial decision-
making, particularly in seamless transactions across national and cultural borders 
(Araghi et al., 2024). It also aids in selecting cooperative venture partners (Cavusgil 
& Evirgen, 1997), facilitates knowledge transfer (Grant & Phene, 2022), and manages 
emerging political risk (Hemphill & Kelley, 2021). 

The third stream points to managerial opportunities and challenges for societal goals 
that intersect global sustainable development. There is growing concern about the 
potential for harm arising from increased user interaction, implicitly suggesting AI 
anthropomorphism to attribute human qualities to AI (Ghauri et al., 2021; Kopalle et 
al., 2022). Simultaneously, there are opportunities to develop AI to configure 
transferable and scalable firm-specific advantages to tackle wicked problems and 
social good (Tatarinov et al., 2023). However, while a grave uncertainty remains 
about AI on international strategy across issues of social and environmental 
sustainability (Ciulli & Kolk, 2023; Denicolai et al., 2021), the extant discourse 
remains almost silent on social imperatives, although a few exceptions can be seen. 
For example, scholarly efforts have focused on social goals that also consider 
economic reasoning (Ciulli & Kolk, 2023; Tatarinov et al., 2023). But extant 
conversations indicate that pervasive technological advancement like AI challenges 
existing schemas for theorizing in cross-border activities (Birkinshaw, 2022; Ghauri 
et al., 2021). 

2.1.2 Contextualizing AI for the Common Good within Firms’ Cross-
Border Activities  

This dissertation engages in a theoretical conversation on the strategic organizing of 
AI within firms’ boundaries. Managerial actions enable boundary spanning within 
firms to enact international strategy in cross-border activities  (Schotter et al., 2017). 
In IB, managerial actions for strategic organizing are driven by external and internal 
boundaries. These actions address external boundaries that arise from the liability of 
foreignness (Zaheer, 1995), as well as from formal and informal institutions such as 
culture, norms, and regulations (Dau et al., 2020, 2022). Additionally, these actions 
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address internal operational activities in internationalization (Ojala et al., 2018, 
2023). In IS, however, managerial actions embody the nature of a socio-technical 
system within firms to address both external and internal boundaries (Fuenfschilling 
& Binz, 2018; Sarker et al., 2019). Within a firm's boundaries, managing AI in 
international business activities thus requires dual emphasis on instrumental and 
humanistic elements. Instrumental emphasis includes managerial capabilities in 
systems and processual activities, and the humanistic focus lies on social well-being, 
while being competitive (Montiel et al., 2021; Vinuesa et al., 2020). Therefore, this 
dissertation considers societal imperatives alongside economic goals on a global 
scale to contextualize its underpinnings to achieve the common good. This focus 
necessarily aligns with the Fifth Industrial Revolution and the global sustainable 
development agenda (European Commission, 2022; United Nations, 2023). 

Within firms’ cross-border activities, the common good can be understood as the 
collective well-being of society that aligns with justice, fairness, and moral 
responsibility, as well as generating rents and making profits for survival and growth  
(Ali et al., 2013; Fuso Nerini, 2026). The act of boundary spanning for the common 
good is highly relevant to the Fifth Industrial Revolution, which steers toward human-
centric, sustainable development in technology production and consumption 
(European Commission, 2022). Unlike the Fourth Industrial Revolution, it 
emphasizes advanced computing, such as AI, that aligns with ethics, social well-being, 
and responsibility in technological development and deployment. Such a shift to 
achieve economic performance by safeguarding social reasoning underpins the 
common good across borders (Ali et al., 2025; Cowls et al., 2021; Vinuesa et al., 2020). 
In the context of the common good, strategic organizing of AI may be understood as 
the boundary spanning of managerial actions within firms involved in 
internationalization activities. It aims to establish conditions, practices, or policies 
that enable all stakeholders in society to thrive, including corporate entities that are 
developing and deploying AI across national borders, rather than prioritizing only 
economic reasoning for corporate gains and profit maximization, and argues for the 
integration of societal well-being.  

Contextualizing the common good underpins managers' actions in international 
business activities that embody moral responsibilities to maximize overall goodness 
and minimize negative consequences (Montiel et al., 2021). Managers achieve this by 
reconceiving firm-specific competencies that address local social needs, leading to 
internationalization advantages. They also redefine productivity in the global value 
chain, which addresses social and environmental issues (Ali et al., 2025; Porter & 
Kramer, 2011). In turn, they support corporate integrity and safeguard users' well-
being, including the vulnerable. Common good urges a shift in the contemporary 
discourse on advanced technology in IB, which has a sole focus on the economic 
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performance and well-being of internationalizing firms (Luo, 2022; Verbeke & 
Hutzschenreuter, 2021). In this shift, managerial actions around AI focus on 
empowering users and improving their well-being, not to replace humans or cause 
harm. Reflecting on this context, developing and deploying AI enhances human rights 
and dignity, and ensures equitable property across national borders. But managing 
AI in cross-border activities demands new organizational forms and practices for 
responsible stewardship, in order to build trust and social justice. 

In summary, the theoretical discourse on AI in IB is not new, and is productive and 
growing. While it provides little knowledge on strategic organizing of AI, it 
emphasizes economic reasoning that includes production efficiency, cross-market 
learning, capability building, and economies of scale in its international expansion 
activities. However, the sole focus on economic motives, without considering social 
imperatives, underscores problematic trends to advance IB as a scientific field. There 
is a growing need for social imperatives to achieve the common good, including 
privacy protection, regulatory frameworks, accountability, and addressing emerging 
inequalities across institutional settings. Accordingly, this dissertation focuses on 
social imperatives alongside economic reasoning, and theorizing AI within socio-
technical systems. Doing so requires drawing an understanding from information 
management discourse in IS (Berente et al., 2021; Zheng & Jarvenpaa, 2021), and it is 
also essential to conceptualize AI, identify its type and temporality, and contextualize 
it to make a meaningful engagement. 

2.2 Foundations for Theorizing AI in Cross-border 
Activities 

2.2.1 AI as an evolving phenomenon of computation 

AI is considered a general-purpose technology similar to electricity, steam engines, 
and internal combustion engines (Berente et al., 2021; Lyytinen et al., 2021). One 
must comprehend that the terminology of ’artificial intelligence’ or AI has diverse 
meanings and definitions (Russell & Norvig, 2021; Skilton & Hovsepian, 2017). As per 
the Oxford English Dictionary definition (n.d.), it means "the capacity of computers or 
other machines to exhibit or simulate intelligent behavior; the field of study concerned 
with this". Consequently, it redirects two broad conceptions. AI relates to a 
multidisciplinary scientific field in its own right that emerged in the mid-1950s 
(McCarthy et al., 1955), and examines learning or any other feature of intelligence 
simulated in machines. As a field of scientific research, it combines principles from 
computer science, mathematics, cognitive science, linguistics, neuroscience, and 
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other related disciplines. It encompasses various areas, including machine behavior, 
perception and control, machine learning, machine cognition, anthropomorphism, AI 
ethics, and human-machine interaction (to name a few). However, AI also relates to 
computational systems, which is the focus of this dissertation. AI is related to the 
advanced computing that emerged in the early 1950s (Turing, 1950), yet is an 
evolving computational advancement, similar to other human-devised general-
purpose technologies (Berente et al., 2021; Stelmaszak et al., 2025). The 
contemporary form of AI may consist of various computational capabilities (see 
Figure 2 for some examples), such as computer vision, natural language processing, 
large language models, and machine learning (Hasan, Thaichon, et al., 2021; Hasan, 
Weaven, et al., 2021). As a general-purpose technology, AI can also be applied in 
research methods, which is not the primary focus of this dissertation (e.g., Messner, 
2022a; Veiga et al., 2000). Such a view shapes how one views and theorizes AI within 
cross-border activities in the context of the common good. 

 

Figure 2. Examples of given computing capabilities of AI  
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This dissertation defines AI as a frontier of computational advancements to address 
decision-making problems in both physical and digital environments, with or without 
human intervention. Being at the frontier of computational advancements, AI is not a 
single entity or a discrete tool, and is not confined to a device, program, or algorithm 
(Berente et al., 2021). Instead, AI is a dynamic concept and may be ideated as a 
moving object. The notion of frontier focuses on an evolving conception within the 
narrow AI, also known as weak AI (Duffy, 2003; Hasan & Rana, 2018). Unlike general 
AI which aims to emulate human intelligence across various activities, narrow AI is 
focused, task-oriented, and operates within a given context (Bostrom, 2016; Zheng & 
Jarvenpaa, 2021). Computing enables machines to perform tasks and solve both 
simple and complex problems. Such functions can be engineered to learn, evolve, and 
develop with extensive, minimal, or no human intervention (Rahwan et al., 2019; 
Russell & Norvig, 2021). AI is a socio-technical system with an evolving 
computational process, and forms an example of the fluid nature of computational 
advancement and constant technological improvement. It advances towards moving 
objectives of evolving phenomena through computing-based learning capabilities, 
such as machine learning (Hutzschenreuter & Lämmermann, 2025; Leavitt et al., 
2021). What most would consider AI today may not be considered as such in the 
future. For instance, Alan Turing broke the Enigma code with his machine in the 
1940s—an almost impossible task for a single human being. While his machine 
performed the calculation, he did not consider it to be 'intelligent'. However, he 
pointed to the evolving development of digital computing and learning machines 
toward an ambiguous target of intelligence (Turing, 1950). Similarly, in an IB setting, 
rule-based expert systems were considered as AI in the 1900s to tackle 
internationalization decision-making problems (Cavusgil & Evirgen, 1997). But many 
today would not consider them as AI, even though at that time they were. While AI is 
laminar, there is always some form or representation that temporarily emerges in 
global markets. 

2.2.2 Contemporary AI Systems and their Representations 

Given their inherited socio-technical nature, narrow capabilities of AI enable 
advanced technological artifacts to perform goal-directed or a specific set of tasks, 
such as information exchange, facial recognition, or language translation (Hasan, 
Thaichon, et al., 2021). These AI-enabled information technology artifacts (which this 
dissertation refers to as AI systems) represent a contemporary form available in the 
global marketplace. A system is a constellation of interconnected components 
organized into subsystems governed by interactions and relationships among them 
(Orton & Weick, 1990; Simon, 1962). It may consist of subsystems and components 
that can be open, closed, or both simultaneously governed by modularity (Banalieva 
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& Dhanaraj, 2019; Ojala et al., 2018; Yoo et al., 2010). This perspective on AI shifts 
focus from mere tools to systems that learn and maintain context-preserving state 
across various tasks, and act autonomously over time. Essentially, such systems not 
only respond, but they maintain continuity to evolve through data iteration and 
recalling previous instructions, appearing less like traditional information 
technology artifacts.  However, AI systems are developed and deployed within a 
firm's boundary to operate in both physical and digital environments (Hasan, 
Weaven, et al., 2021; Lyytinen et al., 2021). Such a view aligns with the European 
Union AI Act (2024), wherein: “AI system means a machine-based system that is 
designed to operate with varying levels of autonomy and that may exhibit adaptiveness 
after deployment, and that, for explicit or implicit objectives, infers, from the input it 
receives, how to generate outputs such as predictions, content, recommendations, or 
decisions that can influence physical or virtual environments” (see Article 3).  

Hence, this dissertation conceives AI systems (hereafter, AIs; see Figure 3) as 
contemporary forms of AI that perform goal-directed tasks and exhibit given human-
like characteristics to simulate responses and influence user perceptions and behaviors 
through (dis)embodied representations. This conception takes a user-centric approach 
and focuses on physical embodiment (Glikson & Woolley, 2020) that addresses 
representations of distinctive identity and operational embeddedness, whether 
within digital and/or physical environments (Hasan, Weaven, et al., 2021). AIs vary 
in their representations based on whether they have a physical shape, (dis)embodied 
forms, distinct identity, and anthropomorphic (human-like) cues (Hasan, Thaichon, 
et al., 2021). The current conception yields four interrelated contemporary 
representations of AIs, namely robotic, virtual, embedded, and algorithmic.  

Robotic AIs. Reflecting on materiality and hardware, robotic AIs navigate the 
complex physical world. For example, physically embodied robotic AIs may appear 
like humans, including humanoid robots with affective computing. Robotic AIs can 
also be formed into non-humanlike physical artifacts like autonomous vehicles 
equipped with computer vision and vacuum-cleaning bots with machine perception. 
These artifacts interact with the world using AIs to perform tasks autonomously or 
semi-autonomously. To illustrate, 1X's NEO, featuring a humanoid representation, 
and Baidu Apollo Go, featuring a driverless autonomous vehicle, are examples of 
robotic AIs that perform service tasks in a physical environment. Common examples 
also include ABB's robotic arm GoFa, Unitree’s G1, Boston Dynamics' Altas, and 
Tesla's self-driving cars.  

Virtual AIs. Reflecting on algorithms and software, virtual AIs operate in the digital 
world and pose a distinguished identity, either in embodied or disembodied forms.  
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Figure 3. Definition and contemporary representations of AI 
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For example, virtually embodied AIs can be designed to appear like humans, including 
avatars with voice and facial recognition capabilities. Virtual AIs can also be 
disembodied but may appear humanlike through conversations and autonomous 
responses, powered by large language models and natural language processing that 
generate statistically likely continuations of word sequences. These artifacts often 
simulate human interaction or perform tasks within virtual environments and may 
operate through cloud computing. To illustrate, Soul Machines’ avatar with embodied 
representations and Moonshot AI’s Kimi K3 with no embodied representations are 
forms of virtual AIs that are reasonably adept at facilitating interactive information 
exchange in digital environments. Common examples also include DeepSeek's 
reasoning model R1, Apple's Siri, Amazon's Alexa, customer service bots, and the 
Replika chatbot.  

Embedded AIs. Reflecting on both hardware and software, embedded AIs do not 
necessarily need a visual representation or a distinguished identity and are often 
invisible to users. For example, edge computing on low-Earth-orbit satellites 
processes data in orbit using onboard AIs and hardware to analyze images, filter 
useless data, and make real-time decisions instead of sending raw files to Earth.  In 
such a contemporary form, embedded AIs often operate behind the scenes to enhance 
functionality without being visible and do not necessarily have an independent form. 
To illustrate, Apple Watch uses AIs locally to instantly detect irregular heart rhythms 
and track sleep stages. Common examples also include Volvo’s driver understanding 
system and Apple's Face ID (facial recognition), where AIs run on dedicated chips 
within hardware systems. 

Algorithmic AIs. Similar to embedded AIs, algorithmic AIs may pose neither visual 
representation nor an independent form but are often integrated into software 
systems. For example, Uber’s dynamic pricing is an algorithmic decision-making 
system that statistically adjusts prices using real-time usage (demand and supply) 
data, especially during peak hours, major local events, or after significant weather 
events. Common examples also include IBM Watson, AI-enabled robotic process 
automation, credit scoring systems, Allianz’s automatic claim processing, Zalando’s 
product recommendation systems, Spotify's recommendation systems, and 
Alphabet’s Google Search, which assist users in retrieving and processing information 
through machine learning-driven algorithms. 

Robotic AIs, virtual AIs, embedded AIs, and algorithmic AIs represent distinctive 
forms, and differentiating them is important. Each form operates through distinct 
reasoning and within machine-machine or human-machine interaction, triggering 
different machine behavior and outcomes. Contemporary AIs are also known as AI 
agents (Rahwan et al., 2019). or agentic AI (Stryker, 2025) in academia and industry. 
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Table 1 provides a brief understanding of different types of contemporary AIs in firm-
level settings, conceptualized in extant transdisciplinary discourse.  

Table 1. Possible types of contemporary AI systems 

Reference Focus Different types of contemporary AI systems 
(Parkes & 
Wellman, 
2015) 

Rationality and 
design rules 

AI agent/systems: A moving conception of synthetic rational 
entities that perceive the world and act in it, focusing mainly 
on disembodied and algorithmic forms.   
Multi-agent AI: Agents perform specific actions and tasks, 
and their outputs aggregate into overall outputs. 

(Rahwan et 
al., 2019) 

Machine behavior Virtual AI: A form of representation with no physical 
presence. Embodied AI: Machine embodies physical 
properties to perform mechanical or socially oriented tasks. 

(Glikson & 
Woolley, 
2020) 

User-centered 
and 
physical 
embodiment 

Robot AI: Different mechanical or human-like 
representations to perform socially oriented tasks.  
Virtual AI: A form of representation with no physical 
presence but has a distinguished identity.  
Embedded AI: Invisible to users but does not have a visual 
representation or a distinguished identity. 

(Huang & 
Rust, 2021, 
2024) 

Customer-centric 
and service tasks 

Mechanical AI: Learning and adapting only to a minimal 
degree but aiming to maximize efficiency.  
Thinking AI: Learning and adapting from data, which can be 
analytical or intuitive.  
Feeling AI: Learning and adapting from data, relating to 
contextual- and individual-specific experience. 

(European 
Commissio
n, 2024) 

Risk-based 
approach  

AI systems: A machine-based system with varying levels of 
autonomy and may exhibit adaptiveness for explicit or 
implicit objectives that can influence physical or virtual 
environments. 

(Pan et al., 
2025) 

Design and use AI agents: Software agents that are capable of perceiving the 
world, possess reasoning abilities, and act autonomously to 
follow given instructions. 

(Chalmers 
et al., 
2026) 

Core capabilities 
and distinctive 
affordances 

Predictive AI: Pattern recognition and efficiency in routine 
analysis. Generative AI: Synthetic production of text, images, 
code, audio, multimodal artifacts, and content abundance. 
Agentic AI: Multi-step reasoning, task decomposition, partial 
autonomy, and simulation of cognitive workflows.  
Embodied AI: Physical manipulation, mobility, physical task 
execution, and embodied coordination. 

(Sapkota et 
al., 2026) 

Autonomy, task 
complexity, 
collaboration, 
adaptation 

AI agents: Autonomous software programs that perform 
specific tasks with autonomy, task-specificity, and reactivity. 
Agentic AI: Systems of multiple AI agents collaborating to 
achieve complex goals. 

Current 
conception 

User-centric, 
physical 
embodiment, 
distinct identity, 
and 
anthropomorphic 
features 

Robotic AIs: Navigate in the physical world, may have both 
embodied humanlike and non-humanlike representation. 
Virtual AIs: Operate in digital environments and pose a 
distinctive identity. Embedded AIs: Invisible to users and 
integrated into hardware and software systems that process 
data locally. Algorithmic AIs: Operate in digital 
environments, often working in the background with no 
independent form. 
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Development and deployment of these contemporary forms often involve integrating 
multiple computing capabilities and AIs to perform goal-directed tasks with minimal 
or no human intervention. For example, robotic AIs (e.g., autonomous vehicles) with 
computer vision can be combined with virtual AIs with generative pre-trained 
transformer to enhance support machine perception and voice-based interaction 
during driving. Similarly, different AIs can be integrated into larger configurations, 
analogous to satellite constellations in which multiple satellites work collectively to 
provide global coverage and services. When several AIs are coordinated to achieve a 
specific objective with limited human supervision, they form a computational 
framework known as multi-AI systems (also referred to as multiagent systems or 
agentic AI systems) (Chalmers et al., 2026; Parkes & Wellman, 2015; Sapkota et al., 
2026). In this representation, each form functions as a specialized subsystem 
assigned for particular tasks while collaborating with others to address a broader 
problem. 

A notable point is that, although the terms ‘agent' and ‘agentic’ are often associated 
with the notion of computational  agency (Stryker, 2025), this summary dissertation 
refrains from using such labels. Anthropomorphic vocabulary such as ‘agent’, 
‘agency’, ‘think’, and ‘feel’ imply characteristics of living, sentient beings (Shanahan, 
2024), which contemporary AIs do not possess, per conceptualization (see Table 1 
for a brief comparison). Avoiding anthropomorphic language is also important for 
reducing hype and preventing conceptual fallacies around AIs (Placani, 2024). For 
AIs, conceptual explanations require careful attention to the possibility that a term 
may be misaligned with its intended meaning or be misunderstood or misinterpreted 
in the context in which it is used (Grimm, 2021). Rather than conceiving AIs as a 
singular entity, this dissertation emphasizes the evolving nature of computational 
advancements. Accordingly, the labels used to describe contemporary AIs are 
intended to capture systems that exhibit increasing adaptability and responsiveness. 
These contemporary AIs embody facets that can be embedded within firms and 
deployed across firm-level activities. 

2.2.3 Theorizing AI by Drawing on Socio-technical Systems 

While differentiating AIs based on physicality, (dis)embodiment, distinct identity, 
and anthropomorphic features is important, this summary dissertation focuses on 
characteristics that may be ingrained across the various representations discussed 
above. It conceptualizes AIs not as a single, discrete entity but as an evolving frontier 
of computational capabilities. This perspective provides a more precise analytical 
foundation for understanding and explaining the phenomenon under investigation 
(Berente et al., 2021; Chalmers et al., 2026). Accordingly, this moving idea of AIs 
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makes two relevant points. Firstly, the logic of frontier posits that AIs are always 
liminal and emerging, thereby continually redefining its boundaries. Hence, 
managing AIs is “a constant process of emergence and performativity” (Berente et al., 
2021, p. 1437). This understanding integrates two dimensions—performance and 
scope (see Figure 4). The dimension of performance reflects the recent ability of 
machine learning to tackle increasingly complex tasks. The dimension of scope 
reflects the growing ubiquity of AIs across an ever-expanding range of contexts. 
Therefore, as increased performance is accompanied by increased scope, managers 
need to manage both performance and scope of AIs as the frontier of advanced 
computing. Management of AIs involves developing, governing, deploying, and 
controlling, thereby involving decision-making at the firm level. As AIs advance and 
solve increasingly complex decision-making problems, their contemporary forms 
differ qualitatively from previous generations. For example, while past approaches to 
AIs have relied on rule-based decision-making, current approaches center on self-
learning and transformer models that may support uses in many aspects with 
minimum human intervention. Particularly, AIs relate to managerial aspects of vast 
information processing in cross-border activities (Luo, 2022; Verbeke, 2026). 

 

Figure 4. Interpreted relevant assumptions of the AI frontier perspective 
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Secondly, AI is a frontier for decision-making that constantly improves its 
performance and scope, thereby exposing underlying facets (Berente et al., 2021). 
These facets represent an ongoing effort to push the boundaries of scope and 
performance of AIs. They underscore a foundational property or capability of 
contemporary AIs that describes its functions. Facets are core characteristics that 
define a system’s behavioral, technical, and experiential qualities, and also dictate the 
types of actions AIs enable. Managers need to manage these interrelated facets of AI 
simultaneously across development and deployment, in both production- and 
consumption-facing activities. However, this dissertation considers that facets of AI 
help decision-making for both managers and users. For instance, a particular facet 
like autonomy can be deployed in consumption that works as a distributed decision-
making system to delegate information processing capability to represent firms.  

Facets of AI are primarily characterized by data-driven learning and computational 
decision-making. Through computing, these facets enable automation and 
augmentation of a wide range of activities at the firm level.  Facets of AI certainly offer 
economic benefits for firms, including scale, superior features, and a competitive 
advantage. However, they also involve dynamics of interactions and relationships 
between AIs and human agency and behavior (Murray et al., 2021; Zheng & 
Jarvenpaa, 2021). This may relate to difficulties of human rationality due to an 
absence of complete information, the presence of anthropomorphic cues 
(humaneness), or emerging uncertainty stemming from cross-border activities. In 
turn, facets of AI may promote codified discrimination, ego-centric biases, and an 
instrumental-rational approach to problem-solving rather than value-based 
reasoning. Therefore, constant interaction across facets raises critical ethical issues 
that must be managed responsibly, such as unintended side effects and violations of 
privacy. Table 2 presents different characteristics of AIs in firm-level settings that 
underlie facets.  

In summary, AI is an emerging phenomenon with different contemporary forms 
within firms, particularly robotic AIs, virtual AIs, embedded AIs, and algorithmic AIs. 
Robotic AIs enable physical task execution, whereas virtual AIs facilitate knowledge-
intensive interactions and service delivery across geographic distances. Embedded 
AIs support localized and real-time decision-making within products and services, 
while algorithmic AIs underpin optimization through performing analytical tasks. 
These forms can also be integrated into multi-AI systems that combine 
complementary computational capabilities to achieve broader goals. These 
contemporary AIs operate and respond to increasingly diverse institutional stimuli 
across national borders. Theorizing AIs based on socio-technical systems emphasizes 
the emergence and evolving facets of AI in the context of common good. It points to 
constant managerial actions across various facets of contemporary AIs, such as 
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autonomy and learning, as their performance and scope grow. It implicitly advocates 
managerial intentionality to organize AI within firms, and highlights social 
responsibility to organize AIs responsibly, especially considering increasing ethical 
concerns such as privacy violations and unintended negative effects. Therefore, this 
dissertation focuses on organizing facets of contemporary AIs for responsiveness 
across borders, where the actions of humans play central roles in transmitting 
capabilities within firms. 

Table 2. Different characteristics of AI systems in firm-level settings 

Reference Evolving aspects Characteristics of AI systems 

(Davenport & 
Ronaki, 2018) 

Tasks and solving 
business problems 

Process automation: Automating digital and 
physical tasks. Cognitive insight: Detecting 
patterns in vast volumes of data and interpreting 
their meaning. Cognitive engagement: Engaging 
with users for support activities and 
customization. 

(Berente et al., 
2021) 

Emerging 
computational 
advancement 

Autonomy: Increasing capacity to act on their 
own, without human intervention. Learning: 
Inductively improve automatically through data 
and experience. Inscrutability: Increasingly 
opaque algorithmic models and outputs to 
human understanding. 

(Hutzschenreuter 
& Lämmermann, 
2025) 

Functional focus and 
deployment context 

Potential task superiority: Acquiring powerful 
decision rules. Black box perception: Lack of 
human understandability of complex algorithmic 
behavior. Dynamic nature: Constantly changing 
nature of self-learning systems. 

(Ramaul et al., 
2025) 

Rationality and 
anthropomorphism 

Computational superiority: Features and 
outcomes concerning performance. Decisional 
objectivity: Complementarity to humans’ 
bounded rationality. Anthropomorphic agency: 
Performing humanlike functions. Organizational 
actorhood: Distributed decision-making systems 
within organizations.  

(Stelmaszak et al., 
2025) 

Properties for 
organizing capability 

Connectivity: Enacting systematic relationships 
and coupling with human actors. Codependence: 
Enacting relations among humans and 
algorithms to bring their mixed, varied, and 
specialized contributions. Emergence: Change 
over time in practice as relations are enacted in a 
system 

(Sapkota et al., 
2026) 

Design, goal 
orientation, and 
adaptation 

Autonomy: Given ability to function with minimal 
or no human intervention.  
Task specificity: Purposefully built for perform 
tasks. Reactivity: Interacting with dynamic inputs 
to respond to real-time stimuli, leading to 
responsiveness to changes. 
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2.3 Strategic Organizing of AI Across Borders 

2.3.1 Responsiveness of AI as a Source of Firm-specific Advantage 

Actions within firms around AIs may turn into managerial capabilities that underpin 
a source of firm-specific advantage. Firm-specific advantages (FSAs) refer to 
knowledge bundles of firms that provide a competitive advantage (Adarkwah & 
Malonæs, 2022; Rugman & Verbeke, 2003). Recent IB studies have acknowledged the 
central role of information technology artifacts in configuring FSAs (Banalieva & 
Dhanaraj, 2019; Lee et al., 2021). AI-driven FSAs can be non-location-bound and 
transferable across borders, and underpin possible location agonistics of advanced 
technological artifacts (Ojala et al., 2023; Tatarinov et al., 2023). They imply 
traditional asset- and transaction-based, as well as contemporary recombinant-based 
and network-based advantages (see Banalieva & Dhanaraj, 2019; Lee et al., 2021 for 
more detailed accounts). AIs as a source of FSAs thus relate to (in)tangible assets, 
learning capabilities, and tools for relationship development. AIs can serve as core 
capabilities for firms, such as a foundational model or unified model architecture that 
can be used for multiple types of products and services. However, AIs can also be 
embedded to combine with other capabilities, such as self-driving abilities in cars. 
Furthermore, AIs can be standalone products or services of a firm, such as a 
humanoid robot, and as relationship-building tools. However, recent computational 
capabilities imbued in FSAs have a strong influence on how users buy and consume 
services, including products (Meyer et al., 2023). Consequently, there are increasing 
concerns about protecting users' well-being across borders through formal 
regulatory institutions. Therefore, it becomes imperative to integrate societal welfare 
into a theorization of AIs as a source of FSAs (Bartneck et al., 2021; Cowls et al., 2021; 
Fuso Nerini, 2026), rather than focusing solely on rent generation and profit 
maximization (Banalieva & Dhanaraj, 2019; Lee et al., 2021). One way to respond to 
this predicament is to organize AIs for FSAs that may ensure global integrity, while at 
the same time ensuring responsiveness across borders.  

Responsiveness across borders is generally understood as a deliberate organizing 
ability to respond to local sensitivities and changes across geographically dispersed 
institutions. For FSAs, actions within firms necessitate arrangements that are 
institutionally appropriate and adaptable across heterogeneous institutional (e.g., 
regulatory, cultural) environments. Existing discourse on strategic organizing in both 
IB and IS argues for focusing on technology as a source of advantages (Banalieva & 
Dhanaraj, 2019; Faraj & Leonardi, 2022; Yoo et al., 2010). It also implies using both 
technology development and deployment to configure FSAs (Tatarinov et al., 2023). 
Therefore, this dissertation proposes the responsiveness of AIs as a source of FSAs. 
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The responsiveness of AIs in the context of the common good can be understood as 
processual activities that are jointly shaped by two analytically distinct episodes that 
include development and deployment. Collectively, they form a feedback loop of 
managers' development and deployment, users' adoption and usage, emerging 
consequences, and managerial responses with new decisions. Therefore, 
responsiveness may necessitate a consideration of how AIs are developed and 
deployed, which underpins the nature of FSAs. 

Development refers to the process of designing, building, training, and configuring 
features, including algorithms, model architecture, data infrastructure, testing, and 
decision logic. During development, responsiveness is largely ex ante and 
architectural, as managers embed their assumptions about international dimensions 
into problem formulations, data choices, and model architectures. These design 
decisions determine the latent potential of AIs to accommodate cross-national 
variation by enabling—or constraining—local adaptation, regulatory compliance, 
and culturally sensitive interpretation (Rahwan et al., 2019; Tatarinov et al., 2023). 
In contrast, responsiveness during deployment is in situ and enacted, emerging 
through the configuration, consumption, and governance of AIs within specific 
national or institutional settings. Deployment refers to the introduction, 
implementation, and integration of developed artifacts into real-world contexts, 
including international markets, organizations, and everyday life. At this stage, 
responsiveness depends on actions within firms, which determine how, where, and 
under what conditions AIs are deployed. However, development happens primarily 
before they are made available in markets for consumption. 

Regarding actions within firms, the development of contemporary AIs is strategically 
intended and planned. Such actions during development include setting objectives 
and priorities (e.g., efficiency, profit, social impact), allocating resources (e.g., capital, 
talent), and selecting architects and data sources that shape systems' capabilities and 
limitations. Actions also include defining ethical, legal, and governance frameworks 
(e.g., bias mitigation, transparency, compliance) and design choices surrounding 
contemporary forms (e.g., robotic AIs, algorithmic AIs). However, user action also 
plays a limited but important role during development. Potentially, development 
influences responsiveness that may occur through anticipatory consumption, where 
management imagines future use and learns through a feedback loop such as prior 
versions, testing, or pilot studies. Influences may also occur through data generation, 
as when user behavior is used as training data. In some cases, systems may be co-
developed or customized using participatory or platform-based initiatives. However, 
development implies a cyclical socio-technical process that also includes deployment.  
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Deployment also depends on how outputs of AIs are aligned and adjusted in response 
to institutional differences, user expectations, and unforeseen consequences. 
Decisions that lead to action in deployment may include market selection and scaling 
(local vs. global), integration into the product or service, pricing, and customer access 
(open vs. closed vs. localized). They may also include risk management, 
accountability, regulatory compliance, and market positioning. However, user action 
becomes central and decisive at deployment. User actions during deployment include 
adoption, resistance, or rejection of AIs, as well as patterns of use, including intended 
use, unintended use, and accidental misuse. Additionally, these actions relate to 
interaction and relationships with contemporary AIs (e.g., virtual AIs), leading to 
social, ethical, and behavioral consequences. Notably, while development shapes 
organizing boundaries of how AIs can respond across countries, deployment 
determines how these systems are realized and contested in consumption. 
Conceptualizing responsiveness that spans both development and deployment thus 
highlights the socio-technical nature of AIs as a source of FSAs, and underscores 
processual dynamics to organize AIs for responsiveness across borders that embody 
upstream design choices as well as downstream adoption processes. 

In the context of the common good, responsiveness is thus a multifaceted construct 
that may not be understood primarily as country-level adaptation. Instead, it is 
embedded in system development, governance choices, deployment, and the ongoing 
evolution of facets of AI. However, this view zooms in on foundational aspects of 
organizing a system with a firm-level setting (Faraj & Leonardi, 2022; Habib et al., 
2020), and not firms as an organizing system (Orton & Weick, 1990). Accordingly, it 
does not necessarily involve the hierarchical control of firms, or the dual pressure of 
global integration-local responsiveness, in the traditional sense (Bartlett & Ghoshal, 
1989). In contrast, responsiveness articulates how to organize AIs by design (through 
a unified model architecture) and consistently manages their properties (e.g., 
location-specific learning) across countries during consumption. The responsiveness 
of AIs relates to developing calibrated trustworthiness through baking trust in 
service systems among users (Bartneck et al., 2021). It is also related to user 
satisfaction and well-being which does not cause a risk of harm, thereby enhancing 
regulatory response (Wood, 2021). In turn, systems become responsive across 
institutions, thereby enhancing competitiveness in cross-border activities. Hence, 
responsiveness becomes an ongoing managerial capability to organize system 
properties to achieve the common good.  

This framing presents management actions to organize AIs and their facets in a way 
that they are adaptive to emerging location-specific dispersed stimuli (Ali et al., 2025; 
Ciulli & Kolk, 2023). Organizing for responsiveness focuses on how individual 
managers organize different facets of AIs to achieve the common good in the Fifth 
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Industrial Revolution. Hence, it is an evolving process that may take a responsible 
strategic view with a global-by-default approach to address both global and localized 
factors across national borders. It focuses on different aspects of relationships 
between technological parts (or properties) within a system. Hence, the 
responsiveness of AIs reflects the socio-technical nature of organizing and underpins 
firms' capabilities (Lyytinen et al., 2021; Stelmaszak et al., 2025). Responsiveness of 
AIs across borders that imbues into FSAs addresses uncertainty, ambiguity, or 
complexity that arises from the liability of foreignness and diverse institutions in 
international markets (Meyer et al., 2023; Zaheer, 1995). Such indeterminacy issues 
in internationalizing activities arise in numerous ways within the given operating 
environment. They may rise due to the inclusion of the different entities—such as 
institutions, actors, and technological factors—and the new interactions among these 
entities (Aguinis & Gabriel, 2022; Eden & Nielsen, 2020). Therefore, managerial 
actions involve multiple levels of indeterminacy as firms are embedded in complex 
economic, social, technological, and regulatory dimensions (Bartlett & Ghoshal, 1989; 
Nambisan & Luo, 2021). However, managerial actions are key within firms to shape 
AIs, which in turn have a significant impact on users during consumption. 
Accordingly, a focus on human agents in strategic organizing of FSAs is paramount.  

2.3.2 Foundational Focus on Human Actions to Organize AI 

Strategic organizing typically involves developing and selecting a specific course of 
action, followed by implementing it through communication, interpretation, and 
execution of the plans (Raes et al., 2011). For AIs, strategic organizing involves 
actions that relate to leading, monitoring, delegating, communicating, cultivating, 
coordinating, and reflecting within firms (Asatiani et al., 2021; Berente et al., 2021; 
Lyytinen et al., 2021).  This dissertation views firms as corporate entities where 
actors such as top and middle management shape strategies through their actions, 
including FSAs in internationalization (Aguinis et al., 2022; Tatarinov et al., 2023). 
Within firms, it is assumed that the interface between actors of top and middle 
management is key to effective strategic organizing (Raes et al., 2011). Top 
management actors are individuals who serve on the executive board or hold at least 
the highest level of strategic decision-making (e.g., chairman, vice chairman, chief 
executive officer, chief technology officer) (Belderbos et al., 2022). Collectively, they 
formulate, communicate, and carry out the strategic and tactical initiatives of firms in 
international business activities. Middle managers are individuals who work directly 
beneath top management and above first-level supervisors who support initiatives 
from the operating level, combine resources, accelerate strategy implementation, and 
conceptualize new strategic organizing (Floyd & Wooldridge, 1992). At the 
intersection of these actors, trustworthiness in their role behavior through 
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information exchange and mutual influences is considered central for the failure or 
success of firms' performance (Raes et al., 2011). Therefore, collective efforts of both 
top and middle management actors provide better economic reasoning for firms in 
international markets (Boyett & Currie, 2004).  

Managers are responsible for taking actions based on their intentions and decisions, 
which in turn shape firms’ strategies across national borders and ultimately FSAs. 
They furthermore directly and indirectly influence patterns of consumption by 
setting incentives, constraints, and technical properties into AIs (Kopalle et al., 2022; 
Verbeke, 2026). They are thus key to organizing firm-level efforts to address the 
liability of foreignness in international markets, which emerge from uncertainty or a 
limited understanding of foreign markets (Zaheer, 1995). They also need to navigate 
the complexity that arises from diverse institutions in international markets (Aguinis 
& Gabriel, 2022; Dau et al., 2022; Eden & Nielsen, 2020). Accordingly, their strategic 
actions enable operations across multiple countries while integrating global 
efficiency with responsiveness across borders (Bartlett & Ghoshal, 1989; Nambisan 
& Luo, 2021).  

For AIs to be responsive as a basis for FSAs, actions of managers need to embody 
critical reflection and be careful to avoid inflicting harm and negative consequences 
(Ali et al., 2025; Hasan, Weaven, et al., 2021; Lyytinen et al., 2021). Managers are 
responsible for all major decisions regarding the development and deployment of AIs 
at home and abroad (Berente et al., 2021; Ratten et al., 2024). They coordinate for AI-
based capabilities that are less location-bound and transferable across borders, and 
supervise capabilities to be embedded into products or services, enabling 
consumption convergence in digital globalized markets. Managers also use AIs for 
decision-making and customer targeting. They monitor, delegate, cultivate, and 
reflect on tasks (Lyytinen et al., 2021), and decide and allocate resources, oversee 
projects, and govern AIs. They also adjust decisions, processes, and routines 
appropriate for development and deployment (Asatiani et al., 2021). Collectively, this 
range of managing activities underpins managerial actions around AIs within firms, 
which in turn shape ongoing production and consumption and future trajectories.  

Managerial actions underpin organizational, strategic, and governance decisions that 
shape how contemporary AIs are developed and deployed in global and local 
markets. These actions occur at the firm level, intersect with institutions (e.g., norms, 
culture, regulations), and determine where, how, and for what purpose AIs are 
introduced. They influence market structure, ethical standards, access, and long-term 
social implications. Put simply, managerial actions govern AIs from the top down, 
deciding what type of AIs representation exists, how it is designed, how it is deployed, 
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and for what purposes it is used. Therefore, managerial actions influence the scope of 
affordances triggered by user actions. 

Affordances can be generally understood  as behavioral possibilities or opportunities 
(Gibson, 1979). However, the actualization of affordances is multifaceted along with 
given technological features and psychological needs (Anderson & Robey, 2017; 
Karahanna et al., 2018). Affordances facilitate action through actors' (e.g., users) 
perceived and behavioral possibilities or opportunities, which can be either intended 
or unintended (Wood, 2021; Zheng & Jarvenpaa, 2021). Therefore, extant IB studies 
consider affordances as one of the central means of AI for user actions in international 
business activities (Ciulli & Kolk, 2023; Tatarinov et al., 2023). User actions refer to 
how individuals or consumers interact with, adopt, and intend to use, or actually use 
products and services in everyday contexts, both physical and digital. User actions 
enable systems’ consumption and use worldwide, and occur through interaction with 
contemporary AIs (e.g., robotic AIs like humanoid robots, autonomous vehicles and 
virtual AIs like chatbots and avatar). These actions may include acceptance, 
resistance, misuse, adaptation, and non-anticipatory uses. User actions produce both 
positive, but also negative (dark) consequences, such as efficacy gains, dependence, 
bias reinforcement, the spread of misinformation, and death. Put simply, users' 
actions operationalize AIs from the bottom up, turning deployed systems into live 
experiences with real social, ethical, and behavioral outcomes. While user action 
shapes the possibilities of AIs in the global marketplace, managerial action 
determines FSAs to achieve the common good.  

For managerial actions, AIs at the intersection of affordances introduce a variety of 
challenges in internationalizing activities that are socio-technical in nature. Many 
challenges are instrumental, including solving issues related to safety, black-box 
problems, and implementing measures to prevent negative outcomes (Rahwan et al., 
2019; Rai, 2020). However, many challenges are humanistic and linked to moral and 
ethical issues, particularly around the usage and consumption of products and 
services. These include concerns about deception, privacy, algorithmic fairness, social 
justice, and the risk of harm (Danaher, 2020; Dolata et al., 2022; van den Broek et al., 
2025). Recent reports in popular media suggest that firms using AIs may be involved 
in predatory and exploitative practices that result in significant harm. For example, 
some incidents involve sexual intimacy, violence, self-harm, death, and murder, 
including the exploitation of vulnerable users (Burga, 2025; Horwitz, 2025; Jargon & 
Kessler, 2025; Marsden, 2025). Therefore, there is an increasing call for 
accountability where firms are responsible for the possible dire consequences of AIs 
in many instances (Buolamwini & Gebru, 2018; Tóth et al., 2022; Wood et al., 2025). 
Accountability also lies with managers. But nevertheless, existing theoretical lenses 
of FSAs only tend to consider rent generation and profit maximization (Adarkwah & 
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Malonæs, 2022; Banalieva & Dhanaraj, 2019; Lee et al., 2021), which is problematic 
for the common good.  

To summarize, the responsiveness of AIs across borders poses a processual 
mechanism for ongoing managerial capabilities that underpin FSAs. While 
managerial actions govern development and deployment of AIs in configuring FSAs, 
user action becomes decisive during deployment, which also affects the possible 
consequences, either positive or negative. Collectively, they form a socio-technical 
feedback loop comprising intention, development, deployment, consumption, 
consequences, and managerial responses. For responsiveness, the development of 
AIs precedes their initial deployment. However, deployment enables user actions that 
generate feedback and consequences, which in turn, shape subsequent cycles of 
development. Therefore, these two episodes impact responsiveness. However, there 
is an established discourse on strategic organizing in international business activities 
which provides a significant understanding of orchestrating FSAs and responsiveness 
across borders. 

2.4 Existing Theoretical Discourse in Cross-border 
Strategic Organizing 

This sub-chapter now engages with two key theoretical lenses in IB, namely the global 
integration-local responsiveness theory and the loose coupling theory. They 
collectively focus on internal and external governance for organizing, which seems 
most relevant for coordinated actions and responsiveness. The dissertation 
integrates relevant assumptions into managerial actions, while politely challenging 
their underlying reasoning in the context of the common good. While both theories 
have great relevance to strategic organizing, their focus lies on firms, not managers. 
Additionally, their reasoning heavily relies on economic reasoning with no regard for 
social well-being, which may not necessarily align with the Fifth Industrial Revolution 
and the global sustainable development agenda (European Commission, 2022; 
United Nations, 2023). 

2.4.1 Global Integration-Local Responsiveness Perspective 

Global integration-local responsiveness (I-R) theory posits that strategic organizing 
for worldwide effectiveness depends on the dual pressure of global integration and 
local responsiveness (Bartlett & Ghoshal, 1989; Birkinshaw et al., 1995; Prahalad & 
Doz, 1987). Beyond international strategy literature in IB, this theory has proliferated 
significant research, including information management in IS (Tractinsky & 
Jarvenpaa, 1995). While the theory focuses on the structural organizing of large 
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multinational firms with subsidiaries, it can also relate to the foundational level of 
managerial actions. The reasoning of this theory is rooted in two relevant underlying 
assumptions that provide actionable guidance (see Figure 5). 

 

Figure 5. Interpreted relevant assumptions of the I-R perspective 

The first assumption concerns intended managerial actions for strategic organizing 
across borders within a dual dichotomy (Prahalad & Doz, 1987). An organizing of 
global integration implies that resource-committing decisions are centralized in line 
with the overarching corporate vision. It involves central structural configurations to 
coordinate international business activities across countries to achieve efficiency and 
leverage similarities across locations (Bartlett & Ghoshal, 1989). However, strategic 
organizing of local responsiveness implies a decentralized decision structure that 
enables local units to accommodate domestic market conditions through responsive 
actions (Birkinshaw et al., 1995). It involves responding to specific needs across a 
variety of domestic markets with different institutions, including regulations, 
ethnicity, religions, and national culture. The I-R theory institutes distributed 
decision-making capabilities in international business activities. For instance, in 
digitalization as a strategic orientation for multinational firms with physically 
bounded manufacturing, the balancing of I-R seems necessary (Du et al., 2025). 
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Managers can navigate this dual pressure by marketing technological innovation in 
customer-facing activities and by external collaborative governance under industry 
pressure and data policy. Such dual pressure enables managers of internationalizing 
firms to navigate a hierarchical organizational structure into global, international, 
multi-domestic (multinational), and transnational strategies (Bartlett & Ghoshal, 
1989). Therein, managers may choose to emphasize one over the other, combine 
them, or adopt a multifocal strategy (Andersen & Hallin, 2017).  

The second assumption holds that emerging technologies have a significant impact on 
consumption across markets that dictate the dual pressure of I-R. Consumption 
includes symbolic, contextual, and experiential elements of use, shaped by social 
interactions embedded into institutions (i.e., norms, culture) (Arnould & Thompson, 
2005). A recent IB study acknowledges that the emergent nature of digital 
technological change significantly shapes consumption worldwide (Meyer et al., 
2023). While significant institutional distances (such as ethnic diversity) persist in 
the global marketplace, technological advancement may enable consumption 
convergence across borders (Dau et al., 2020, 2022; Ozturk et al., 2021). Convergence 
in consumption refers to the extent to which consumers self-associate with global 
institutions (i.e., beliefs and attitudes) rather than with local ones. Recent 
technological advancements powered by contemporary AIs (i.e., robotic, virtual, 
algorithmic) may follow similar trajectories (Baldwin, 2016, 2019). This underscores 
the importance of users’ institutions in deploying AIs. However, the I-R theory points 
to a need to institute loosely coupled organizational systems (Bartlett & Ghoshal, 
1989). Therefore, this sub-chapter now turns to a loose coupling theory with a focus 
on digital globalization. 

2.4.2 Loose Coupling Systems Perspective 

Loose coupling theory (LCT) focuses on a systems perspective, which intersects with 
institutional theory in organization settings (Orton & Weick, 1990). Recently, IB has 
engaged with LCT in digital globalization (Nambisan & Luo, 2021). With a relevant 
focus on technological characteristics, LCT emphasizes both linkages and 
separateness to argue for responsiveness across borders. It suggests that the 
coexistence of coupling (linkages) maintains responsiveness, and looseness 
(separateness) retains distinctiveness. Therefore, LCT can provide valuable insights 
to address governance-related challenges. Similar to the I-R theory, it focuses on large 
multinational firms. Nevertheless, LCT can also translate to foundational 
understandings of managerial actions, as it relates to organizing socio-technical 
artifacts in a digitally fragmented world. Theses of LCT are rooted in three relevant 
assumptions.  
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The first assumption concerns actors' intentionality on actions to shape the nature of 
a system for responsiveness, underpinned by adaptation (Nambisan & Luo, 2021; 
Orton & Weick, 1990). Coupling reflects a need for different parts of a system to be 
linked, while looseness reflects a need for them to be separate and flexible to adapt 
to spontaneous external changes. In turn, the whole system achieves responsiveness 
as parts of it can be modified for necessary adaptation. Hence, loose coupling implies 
addressing two opposing forces and allows them to coexist in the same strategic 
design. In international business activities, it is an organizing way to bring the 
technical core of systems close to eliminating uncertainty, where parts of said 
systems are open to embracing differences from location-specific diversity and 
institutions (Nambisan & Luo, 2021). As a result, a system is arranged in a way that 
is open and closed simultaneously, and this arrangement is also spontaneous and 
deliberate. This system perspective suggests that different parts of a system, such as 
modules, are linked to one another while retaining a degree of independence and 
indeterminacy. Accordingly, LCT emphasizes the role of actors’ intentions on actions 
in management practices, underscoring how emerging cognitive institutions shape 
loosely coupled organizing (Orton & Weick, 1990). Loose coupling can anchor in 
several competing ideas, including planning and implementation, official structures 
and negotiated orders, and structural facades and technical cores. Such an assertion 
implicitly indicates the socio-technical nature of a system, as argued in IS, which has 
both humanistic and instrumental elements (Sarker et al., 2019). 

Reflecting on digitalization, the second assumption concerns affordances as a key 
characteristic of digital artifacts that configure FSAs as loosely coupled (Nambisan & 
Luo, 2021). Affordances facilitate action through actors' (e.g., users) perceived and 
behavioral possibilities or opportunities, which can be either intended or unintended, 
shaping FSAs. Such characteristics may shape the simultaneous exercise of looseness 
and coupling for FSAs. Affordances enable the recombination of FSAs in development 
and deployment through openness, closeness, and separateness. In turn, FSAs 
facilitate asset orchestration and competitive positioning in operating markets. 
Recent IB studies underscore perspectives on affordances that have a focus on AI  
(Ciulli & Kolk, 2023; Tatarinov et al., 2023).  

The third assumption concerns instituting a shared value on a global scale as a central 
mechanism of organizing loose coupling for responsiveness (Nambisan & Luo, 2021; 
Orton & Weick, 1990). It argues for a shared worldview or a standard set of principles 
in governance, implying the need for cognitive institutions to compensate for the 
system's looseness. Such a mechanism is needed to accommodate looseness in some 
dimensions, while coupling them with other dimensions. Having a shared value is 
critical because it enacts three determinants of loose coupling: causal indeterminacy, 
external fragmentation, and internal fragmentation. Causal indeterminacy may result 
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from unclear means-ends links caused by bounded rationality, biased perception, 
uncertainty, ambiguity, and intangibility of complex processes and knowledge 
(Nambisan & Luo, 2021; Orton & Weick, 1990; Simon, 2000). In other words, 
cognitive limitations inherent to human information processing stem from 
uncertainty, ambiguity, and the absence of tangible knowledge. For instance, an IB 
study by Lindner et al. (2025) suggests that algorithmic AIs affect existing biases to 
shape managerial actions through distorted decision-making outcomes. Such effects 
arise due to unfamiliarity arising from the liability of foreignness and institutions of 
foreign countries. However, another source that arises from external fragmentation 
is driven by location-specific factors and dispersed stimuli (Nambisan & Luo, 2021). 
Dispersed stimuli are related to geographical dispersion, culturally sensitive cues, 
and contradictory external pressures in foreign markets, and can be a source of 
incompatible expectations arising from institutional and technical pressures (Orton 
& Weick, 1990). This can be seen, for example, in the competitiveness and race for AIs 
in the global marketplace (Lundvall & Rikap, 2022), and growing market-based 
regulatory institutions such as the AI Act (European Commission, 2024). Hence, 
external fragmentation may arise from geopolitics, techno-nationalism, the absence 
of shared values among partners, and regulatory institutions. Additionally, internal 
fragmentation is a third recurring issue that may arise from misalignment between 
actions and arrangements within managerial units. For example, an IB study suggests 
that misalignment due to the absence of clear principles of responsible use obstructs 
scaling of virtual AIs across borders, even in closely proximate countries (Tatarinov 
et al., 2023). Collectively, these issues demand having common cognitive institutions 
as a shared value for organizing things cohesively. 

To summarize, all of the relevant assumptions presented above make one key point: 
there is a need for a globally integrated share value to manage technological 
characteristics embedded in FSAs that address local sensitivities across diverse 
institutions to enable responsiveness (see Figure 6). These assumptions are relevant, 
but pose a fundamental problem for the common good. Therefore, this sub-chapter 
calls for a rethinking of existing views of strategic organizing for responsiveness.  
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Figure 6. Interpreted relevant assumptions of the loose coupling perspective 

2.4.3 Rethinking Strategic Organizing for AI 
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Additionally, it emphasizes location-bound subsidiaries and coordination among 
different business units across diverse geographic locations. However, it has a core 
focus on economic reasoning for responsiveness, and has little regard for social 
imperatives and emerging technical properties. Recent technological advancements 
enable managers to organize less through sequential adaptation, and more through 
continuous interaction with regulatory regimes and users on the global stage 
(Birkinshaw, 2022, 2024). The latter LCT theory focuses on a systems perspective to 
emphasize technological properties. While being relevant in digital globalization to 
achieving responsiveness across foreign markets, its three assumptions show no 
regard for societal welfare in configuring FSAs. Similar to the formal I-R theory, it 
focuses only on economic reasoning. Yet it also does not underline the multifaceted 
actualization of affordances that may pose negative consequences (Anderson & 
Robey, 2017).  Notably, the social imperatives of emerging affordances of AIs remain 
largely unanswered (Ciulli & Kolk, 2023; Tatarinov et al., 2023), and do not consider 
ethical challenges and responsibilities in instituting shared value. With AIs, managers 
may cause harm (intentionally or non-intentionally) through enabling technological 
properties and affordances (Wood, 2021). 

Existing assumptions are relevant, but may not explain responsiveness in the context 
of the common good. AIs reshape managerial actions on scaling and coordination. AI 
differs qualitatively from earlier technological changes, and even from prior waves of 
digitalization (Berente et al., 2021; Brynjolfsson et al., 2019; Lyytinen et al., 2021). 
Therefore, rethinking is necessary for several reasons. First, AI is emergent and 
inherently socio-technical, as managers utilize its contemporary form across borders 
to facilitate affordance and FSAs, with its performance and scope expanding. Second, 
managerial intent and actions shape the nature of a system, whether open, closed, or 
with a particular technological property or facets. Third, the facets or technological 
properties of AIs, such as autonomy, influence human rationality, as humans are 
inherently limited in their cognitive capabilities. Decision-making complexity arises 
from the dynamic nature of the international marketplace and the AI frontier. Fourth, 
developing and deploying AIs in international business activities raises emerging 
ethical considerations and responsibilities across facets or technological properties.  
Managers need to address the impact of AIs utilized in international business 
activities on the societies in which they operate, which underscores the global 
challenge of responsible production and consumption. Finally, there is an urgent need 
for a globally integrated, shared value to responsibly organize AIs to maintain 
responsiveness, and this underpins responsible technology production and 
consumption for the common good that integrates reasonings of both economic and 
social goals. 
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Taken together, all five assumptions of the two theories emphasize only economic 
reasoning, including production efficiency, profit maximization, and economies of 
scale. The extant assumptions offer little insight into social reasoning. However, 
focusing solely on economic reasoning is problematic in ensuring the common good, 
particularly in the era of the Fifth Industrial Revolution. The strategic organizations 
are very different from those of the physically bound industrial era  (Leavitt et al., 
2021; Zuboff, 2015). Managerial actions on AIs point to emerging inequality and 
monopolistic competitive advantages (Ahi et al., 2022; Buckley & Enderwick, 2025; 
Ghauri et al., 2021), as well as to the distributed nature of decision-making embodied 
in the temporal form of AIs that increasingly interact with users in international 
markets (Kopalle et al., 2022). However, there remains uncertainty about the 
responsible use of AIs that hinders global sustainable development, including 
dishonest anthropomorphic properties and mass surveillance (Leong & Selinger, 
2019; Zuboff, 2015). Managers from internationalizing firms are responsible actors 
to develop and deploy AIs as capabilities to extract, predict, and influence users’ 
behavior, underpinning FSAs. They focus on economies of scale for profit 
maximization, often at the expense of individual autonomy and in violation of 
fundamental human rights (Bartneck et al., 2021). AIs, as a contemporary form, can 
serve as a distributed decision-making system that interacts with users on behalf of 
internationalizing firms in a humanlike manner (Norwegian Consumer Council, 
2023). However, AIs may also pose dire risks of harm (Wood et al., 2025). Therefore, 
the dissertation now engages with a trusteeship framework to complement existing 
assumptions. 

2.5 Imperatives for Trusteeship Organizing of AI 
Across Borders 

2.5.1 Trusteeship Framework  

A trusteeship framework has evolved based on ancient knowledge and contemporary 
contributions in firm-level settings (Ali et al., 2025; Rice, 1999). Managers, as human 
agents, are viewed as trustees of capabilities that need to be developed and deployed 
to protect everyone’s well-being. In strategic organizing discourse, trusteeship holds 
that managers have a moral responsibility to their key stakeholders, including users, 
business partners, and society (Beekun & Badawi, 2005; Rice, 1999). However, 
trusteeship is deeply rooted in ancient knowledge. For example, trusteeship relates 
to Amanah, which derives from the Arabic root ʾa-m-n, which conveys trust, 
faithfulness, and security. In moral reasoning derived from ancient knowledge, 
trusteeship institutes a proactive governance concept that calls human agents to act 
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ethically and justly as part of a sacred trust placed upon them (Qur’an: Surah Al-
Ahzab 33:72). They are custodians of trust and enact trustworthiness in business 
relationships through coordinated covenants. In the context of the common good, 
covenants underline self-commitment and governing acts to engage in responsibility 
and refrain from harmful actions.  

For contemporary AIs, the trusteeship framework demands three foundational 
covenants, namely ontological, epistemological, and existential  (Ali et al., 2025). 
Collectively, these covenants provide a foundation of responsible organizing of AI 
that integrates intentionality, intellectual integrity, and practical stewardship. Each 
covenant reflects a distinct aspect of managerial action to ensure human 
responsibilities. These three covenants are well-suited to manage the socio-technical 
nature of AIs in international business activities: (a) accountability (ontological), (b) 
data and knowledge bundles (epistemological), and (c) real-world impact 
(existential). The first one is the ontological covenant. It is grounded in humans' 
ultimate moral reasoning and innate nature for pursuing truth, which creates a sense 
of duty tied to a higher purpose. Such a sense works as a basis for accountability, 
which indicates innate self-consciousness to ensure just governance and contribute 
positively to societal well-being. The second one is the epistemological covenant. It 
emphasizes honesty in knowledge acquisition and application, which indicates 
proactive measures to block possible harm. It is actioned to avoid distortions for 
personal or collective gain through technological means, prioritizing truthfulness and 
accessibility. The third one is the existential covenant. It underlies universal 
stewardship toward the external environment, which indicates institutions in 
dispersed geographical locations around the world. It is aimed to ensure justice and 
compassion within human societies, and address inequalities. It also ensures that 
technological advancements benefit all members of society equitably. Collectively, 
these covenants entail accountability, deliberate action, and responsible stewardship, 
which are fundamental for trusteeship organizing of AIs. 

Trusteeship organizing proposes that managers act as trustees to serve the common 
good beyond economic performance, and that they prioritize moral responsibility 
over law, and stewardship over ownership in their actions. Hence, organizing AIs 
under “global trusteeship by default” seems to be a suitable approach. Trusteeship 
organizing promotes responsibility in an individual’s actions while protecting social 
interests, particularly by avoiding harm to the community through 
internationalization activities (Ali et al., 2013). Hence, contemporary thinking on AIs 
and responsibility naturally follows its underlying expectations (Bartneck et al., 
2021; European Commission, 2019; Jobin et al., 2019). Accordingly, managers act as 
trustees dedicated to promoting social equity and justice, ensuring user protection 
for collective and social good. Their actions align with core principles like justice, 
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compassion, and balance, demonstrating genuine intent to maintain moral integrity. 
Nevertheless, trusteeship organizing emphasizes proactivity and a responsibility for 
the common good, including socio-economic matters. These insights can be 
translated into guiding managerial actions that focus on accountability, blocking 
harmful means, and addressing institutions by default. They bring together a triad 
focus on the development and deployment of AIs, and may inform processual 
mechanisms to realize responsiveness across borders. Therefore, trusteeship 
organizing refers to the act of responsible development choices across institutional 
settings to block harmful means and ensure accountability through necessary 
responsive actions during deployment and usage. 

Trusteeship organizing is somewhat distinct from the established theorization of 
trust, while mirroring its underlying outlook (Wijaya et al., 2023). The existing 
discourse on trust builds on the assumption that actors are willing to be vulnerable 
to other actions (Mayer et al., 1995). It relies on the expectation that others behave 
reliably and beneficially, even without control or monitoring. This concept helped to 
explain trust in several areas, supporting research on social trust (Gaur et al., 2022), 
customer trust (Schumann et al., 2010), relational trust-building (Johanson & Vahlne, 
2009; Katsikeas et al., 2009), and human trust in contemporary AIs (Benbasat & 
Wang, 2005; Blut et al., 2021; Glikson & Woolley, 2020). These contributions are 
valuable. However, this established discourse focuses on trust as perceived or sensed 
by human observers, and emphasizes beliefs and expectations among human actors 
and entities (Glikson & Woolley, 2020; Mayer et al., 1995). In contrast, the trusteeship 
organizing framework offers a distinct but complementary perspective.  

In the context of the common good, trusteeship organizing proposes that managers 
act as trustees of capabilities enabled by knowledge within the firm's boundary, 
including firm-specific internationalizing advantages. It aims to guide responsible 
actions by default, not just through interpersonal relations or reciprocity, and argues 
that managers act as trustees to serve the common good. This includes social, 
environmental, and economic well-being. It focuses on the moral responsibility of 
human actors to organize AIs, as custodians of trust, to utilize capabilities acquired 
by knowledge bundles. Therefore, integrating trusteeship into the existing discourse 
offers a complementary perspective. While the established view of trust emphasizes 
perceived reliability and vulnerability, trusteeship highlights a moral responsibility 
and proactive governance in organizing. For AIs, trusteeship relates to managers in 
firms who are engaged in decision-making, preparation, motivation, planning, 
scheduling, execution, and evaluation that lead to outcomes (Wood, 2021). However, 
concrete outcomes can be both intentional and non-intentional (Wood et al., 2025). 
Managers enable action to shape organizing cognition and the existence of 
technological properties. They also shape attitudes towards something that are built 
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around previous actions that have a means-end relationship within a system. 
Reflecting on shaping the nature of a system, managerial actions consist of intended 
acts to lead, monitor, delegate, communicate, cultivate, coordinate, and reflect for the 
development and deployment of AIs.  Therefore, managers may want to proactively 
not only strive to block harm emerging from intentional acts, but also to engage in 
experiments to block possible unforeseeable acts. Unintended acts may emerge from 
affordances due to given technological properties (i.e., facets of AI) as means. Within 
firms, trusteeship organizing enables internal organizing mechanisms where 
managers constantly reflect on information and (in)directly adjust their actions 
through engaging in external environments. The ability to enact effective internal 
coordination mechanisms that consider risk exposure and management is crucial for 
developing firm-specific competencies that lead to a competitive advantage in 
international markets (Luo, 2022). However, there are three imperatives for 
trusteeship organizing for competitive advantage.  

2.5.2  Changing Nature of Production and Facets of AI 

The first imperative arises from the rise of globally oriented algorithmic production. 
This shift in production challenges assumptions of both I-R and LCT theory. Value 
creation across borders occurs through computational advancement that does not 
necessarily involve physically bounded production processes (Faraj & Leonardi, 
2022; Thompson et al., 2021). For AIs, production processes are shifting toward more 
computational and algorithmic systems instead of physically bound production 
processes (Baldwin, 2019). Such a change in value creation triggers the emerging 
strategic organizing, namely ’global by default’ (Birkinshaw, 2022). The activities in 
global value chains are less capital-intensive (in terms of physical assets) and less 
location-bound (Autio et al., 2021; Rikap, 2022). Consequently, some traditional 
domains of inquiry, like subsidiary role typologies, are becoming less important. 
Value creation has thus transformed, which differs from the traditional sense, and in 
turn challenges the first assumption of the I-R theory. Contrary to assumption, AIs are 
increasingly developed and deployed globally by default, with limited dependence on 
location-bound production or market structures. Managerial action around 
contemporary AI plays a central role in enabling this shift.  

Managers from many emerging firms are able to expand across borders almost 
instantaneously after launching products or services, yielding consumption 
convergence. Instances may consider the managerial actions at the Mistral AI, where 
managers operate with a largely unified systems architecture without conventional 
foreign subsidiaries or geographically fragmented production, apart from the 
physical constraints associated with data centers and computing infrastructure. 
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Similar are managerial actions around Anthropic’s Claude, which represents a virtual 
AIs whose development and deployment are largely happening globally in a default 
responsible manner across jurisdictions. 

Of course, recent technological advancements and techno-geopolitical uncertainty 
demand managers’ deliberate actions to shape the nature of organizing systems, as 
per the first assumption of LCT theory. For example, Baidu's Apollo is a scalable AIs 
for autonomous driving—an FSA—that reflects its global ambitions. The managers 
concerned with deliverability integrate a full-stack driving solution that includes 
vehicle situational awareness (e.g., computer vision, LiDAR processing) for driving-
related decision-making (e.g., path planning, prediction). The managers at Baidu use 
unified architecture, shared simulation, and safety testing protocols, but enable 
compliance with location or industry-specific regulations and safety standards. Here, 
managers leverage distinctive facets of AI—such as learning and autonomy—in 
algorithmic production (Berente et al., 2021; Murray et al., 2021). However, 
problematic managerial actions are arising where facets of AI scale without regard 
for human experiences across borders. To illustrate this, it is worth considering the 
performance of learning facets under model collapse in algorithmic production 
(Shumailov et al., 2024). When managers deliberately permit large language models 
to statistically learn from synthetic outputs without restraint, it erodes data quality 
and causes irreversible defects in models whose inputs and outputs lack genuine 
human experience. Such as a global learning shift from experience to reproducing 
model outputs, undoubtedly does not encode human meaning or local sensitivity by 
default, and the irresponsible utilization of the facet of AI generates systemic risk that 
undermines responsiveness. So while managers may achieve loose coupling, the 
model collapse illustrates how a facet of AI can progressively erase human experience 
and distort reality globally. These failures expose the limits of efficiency-driven 
organizing in algorithmic production, and the existing assumption does not consider 
moral reasoning in intentions to shape a system. 

Trusteeship organizing responds by recognizing that human meaning is embedded in 
locally situated institutions such as cognition and judgment. Managers oversee facets 
of AIs in algorithmic production that enable interaction and shape user perception 
and behavior across borders. Yet, as the performance and scope of AIs expand, 
persistent challenges of responsiveness emerge across these facets. Development of 
AIs, therefore, requires human-centric approaches and addresses location-specific 
features to reflect institutional differences. Because human experiences used for 
facets of AI are morally significant and jurisdictionally embedded, they cannot be 
treated as exploitable inputs. Instead, they constitute rights that are entrusted. 
Trusteeship thus becomes a necessary intended organizing logic to align globally 
responsible development of AIs with locally grounded meanings in deployment. 
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Therefore, organizing AIs through globally coordinated trusteeship seems a 
responsible action for addressing institutions by default, instead of the dual pressure 
of I-R. As algorithmic production grows, so does its consumption, and trusteeship 
organizing is needed to prevent harm, pointing to the second imperative. 

2.5.3 Changing Nature of Consumption and AI Anthropomorphism 

Managers are increasingly deploying AIs across borders in consumption. A recent 
McKinsey global survey found that spending on development and deployment 
primarily focuses on AI-enabled products or services for user- or customer-facing 
activities (Singla et al., 2025). As per the second assumption of I-R theory, 
technological changes may promote convergence in consumption patterns 
worldwide. AIs have become much more widespread, which may facilitate 
convergence in consumption, and indicates the role of users’ institutions in AI 
deployment and usage. Nevertheless, managers face growing responsibilities as there 
are growing risks of harm stemming from AI anthropomorphism (Bartneck et al., 
2021; Claypool, 2023).  AI anthropomorphism occurs when users attribute human-
like qualities, intentions, or mental states to non-human agents, such as 
contemporary AIs (Zheng & Jarvenpaa, 2021). However, anthropomorphic reasoning 
neither occurs in objects nor in the minds of human observers in isolation (Duffy, 
2003). Rather, it is a deliberate act by managers who make decisions on technological 
features and means imbued into AIs (Leong & Selinger, 2019). The tendency of AI 
anthropomorphism is enabled by technological features accompanied by 
affordances.  

Such characterization underlies the second assumption of the LCT theory. For 
instance, OpenAI’s ChatGPT operates on a globally connected infrastructure with 
minimal local adjustments. Through conversational interaction and responsiveness, 
it creates socio-emotional affordances that encourage human-like interpretations. 
Managers typically oversee the design of centralized models and training data in the 
firm’s home country, and deploy them globally via applications, web interfaces, or 
local computing devices. This approach enables immediate consumption across 
countries, languages, and cultures, thereby amplifying anthropomorphism. Under AI 
anthropomorphism, affordances in consumption are multifaceted and often 
unpredictable, which poses a dire risk of harm. However, existing assumptions from 
both I-R and LCT theory on consumption coverage and technological affordances 
have little regard for social well-being.  

Technological features create affordances under AI anthropomorphism (Zheng & 
Jarvenpaa, 2021), and such affordances intensify users' anchoring with their existing 
human knowledge and psychological needs while weakening the adjustment process 
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in AI anthropomorphism under cognitive load. The increased anchoring and 
decreased adjustment processes enhance egocentric biases that lead to negative 
consequences. Cognitive load reinforces the human mind's automatic responses and 
limits information-processing capabilities, thereby affecting perceptual and 
behavioral outcomes. As a result, users may overly rely on and place excessive trust 
in AIs, which increases the risks of privacy violations, manipulation, and other harms 
(Bartneck et al., 2021; Claypool, 2023). Users interact with AIs, which are perceived 
as trusted social actors, while responsibility remains fragmented and unclear across 
firms and maker-based regulatory institutions. In response, trusteeship organizing 
aims to proactively block harmful means and to organize AIs responsibly for 
consumption across borders. Trusteeship frames managers of deploying firms as 
trustees responsible for safeguarding users’ rights and mitigating the risk of harm. It 
enables responsiveness because negative consequences are not simply confined to 
single markets, but arise across national borders. However, growing concerns about 
the risk of harm among international regulators and managers alike point to the third 
imperative. 

2.5.4 Growing Risks of Harm and Insufficient Response from 
Regulators 

As the nature of AI-driven production and consumption changes, the final imperative 
emerged due to a growing interface between managerial action within firms and 
regulators (Birkinshaw, 2022; Furr et al., 2022). The third assumption of LCT 
demands shared value as cognitive institutions to promote cohesiveness to address 
external environments, including market-based regulatory institutions. For AIs, 
however, managers seem to pay very little attention to international borders – in fact, 
they tend to bypass market-based institutional differences to achieve economic goals 
(Birkinshaw, 2024; Hemphill & Kelley, 2021). Regulators often respond slowly. When 
managers enable AIs to configure FSAs that operate globally, accountability remains 
fragmented. However, managers learn to exploit both markets and users through 
exploiting weak regulatory institutions. In turn, they gain monopolistic-competitive 
advantages through intellectual intangible assets like AIs, which impede innovation 
and jeopardize user well-being (Rikap, 2022; Weko, 2025). However, existing 
assumptions of LCT do not consider emerging accountability in instituting shared 
value, and in turn, the risk of harm is rising. Risk of harm is generally understood as 
a possible event or circumstance that negatively impacts individuals' well-being 
(Wood, 2021). Regarding AIs, negative impacts on well-being may arise from 
managerial actions that physically, psychologically, or spiritually injure individuals 
or cause financial loss. Such impacts can also emerge from the utilization of AIs in a 
given context that thwarts one’s needs, development, potential, health, and dignity.  
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This view of harm extends beyond what is legally contestable and focuses more on 
social justice across institutional settings. However, the mechanism of inflicting harm 
through AIs can manifest in various ways, depending on actors’ intentionality, 
affordances, and interaction outcomes (Wood, 2021; Wood et al., 2025). It may also 
emerge from the stratigraphy of harm concerning technological affordance, due to 
the presence of technological properties, such as anthropomorphic features in 
strategic design choices (Danaher, 2020; Wood, 2021). However, one can still assume 
that regulatory institutions play a vital role for minimizing risks of harm in line with 
the second assumption of I-R theory (Meyer et al., 2023). 

Although regulatory responses are inadequate, significant progress has been made.  
For instance, the AI Act is the first-ever supranational and toughest market-based 
regulatory framework that adopts a risk-based approach (European Commission, 
2024). It prohibits the development and deployment of AIs that may distort users’ 
perception and behavior through deception, manipulation, and the exploitation of 
vulnerability. However, it remains inadequate when it comes to the risk of harm 
under AI anthropomorphism  (Franklin et al., 2023). Recent allegations and lawsuits 
underscore the severity of these risks. Reported incidents linked to both virtual and 
robotic AIs include sexual intimacy, violence, self-harm, and death, often exploiting 
vulnerable users (Burga, 2025; Horwitz, 2025; Jargon & Kessler, 2025; Marsden, 
2025). These troubling incidents raise significant concerns among regulators about 
potential harm that arises intentionally or non-intentionally through technological 
means (e.g., through anthropomorphic properties) and affordance (Wood et al., 
2025). Therefore, there is a dire need for trusteeship organizing that may work as a 
shared value that aims to ensure accountability against the risks of harm, as implied 
in the third assumption in LCT.  However, the view of trusteeship organizing as a 
shared value can be seen as a cognitive institution that guides managerial actions, and 
helps to enhance competitiveness and regulatory response that integrates both 
economic and social goals. In short, this view links competitiveness to the ability to 
perform not only through scale or profit, but also by addressing local communities. 
Taken together, these three growing and interrelated imperatives call for a globally 
responsive organizing of AI through trusteeship. 

In a nutshell, the forehead assumptions presented three imperatives that highlight a 
shift in strategy around AI towards trusteeship, viewing managers as custodians of 
user welfare rather than only aiming at profit maximization. Collectively, they 
emphasize to enact a trusteeship framework for responsiveness through responsible 
AI governance across borders, integrating economic goals with social welfare to 
support the common good. 
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2.6 Towards a Globally Responsive Trusteeship 
Organizing of AI 

The globally responsive trusteeship approach helps to create trust-based yet 
systems-oriented shared values. Simultaneously, it also addresses local sensitivity, 
given the diverse normative and cognitive institutions across national borders and 
even within a single nation (Messner, 2022c; Yoon et al., 2025). This approach has the 
potential to tackle governance challenges faced by managers. These challenges arise 
from the fragmented nature of digital globalization, shaped by geopolitics and 
regulatory institutions (Nambisan & Luo, 2021). Accordingly, this cognitive framing 
also enables regulators to govern AIs to promote social justice to underpin the 
common good. The trusteeship view of globally responsive AI organizing also 
complements broader discussions on AI-related responsibility and governance. 
Trusteeship organizing particularly relates to market-based regulatory frameworks, 
such as the AI Act (European Commission, 2024). It aims to achieve the common good 
and support global sustainable development (Jobin et al., 2019; Vinuesa et al., 2020), 
and complements cross-border discourse on AI that focuses on responsibility and 
social good (Cowls et al., 2021; Floridi et al., 2020).  Therefore, it seeks to integrate 
economic goals such as economies of scale, with social goals including human values 
and institutional sensitivity. It does so through responsible development and 
deployment. This view responds to key assumptions in I-R theory and LCT (see Figure 
7). 

Assumptions of I-R theory remain grounded in reasoning derived from large 
multinational firms, location-bound production, and a pressure of adaptation across 
markets. Assumptions of LCT provide limited guidance on how managers should 
organize facets of AI to remain responsive when the nature of these facets is emergent 
and often extends beyond firm-level outcomes. Additionally, technological 
affordances may create convergence in perceptions and behavior among users in 
consumption-facing activities (Tatarinov et al., 2023; Zheng & Jarvenpaa, 2021). 
Collectively, they emphasize only economic reasoning, including production 
efficiency, profit maximization, and economies of scale. These dominant economic 
reasons leave little room for societal welfare considerations, and largely overlook 
distinctive technological properties of AI. In response, the trusteeship framework 
addresses convergence of consumption that requires global coordination and a 
shared value for responsiveness (Bartlett & Ghoshal, 1989; Nambisan & Luo, 2021). 
Integrating trusteeship may universally ensure responsiveness across diverse 
institutions through embedding responsibility into the development and deployment 
of AIs. In turn, managerial action driven by trusteeship framework may achieve the 
common good. Trusteeship organizing integrates reasoning on both economic and 
social goals in responsible production and consumption. Since the dissertation 
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addresses the socio-technical nature of AI, which is emergent, there is an increase in 
managerial responsibility in firms’ internationalizing activities. Trusteeship 
organizing may thus help them create shared value for the common good while 
remaining globally responsive, configuring FSAs. Therefore, a global trusteeship by 
default framework as a cognitive institution seems critical for managing AI across 
borders.  

 

Figure 7. Rethinking for strategic organizing of AI for worldwide effectiveness 

Importantly, AIs are increasingly accompanied by the risk of unintended negative 
consequences, including bias, misinformation, and misalignment with societal values. 
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These risks foreground the social imperative of responsibility to organize AIs for 
responsiveness. Responsiveness, therefore, may no longer be reduced to efficiency 
gains or market adaptation alone. Instead, it also encompasses intentionality with 
which managers oversee development, govern, and steer AIs to address firm-specific 
competencies such as decision-making and value creation, while simultaneously 
engaging with broader societal and regulatory expectations. This reconceptualization 
calls for a new theorizing of responsiveness that places AIs as a source of FSAs. It also 
embodies managerial intentionality and cross-border societal implications in its 
theorizing. Organizing AIs across borders, therefore, may require a shared value of 
trusteeship that provides a basis for responsible cross-border governance. From LCT, 
the dissertation conceives the trusteeship framework as a shared value for 
responsiveness, integrating moral intentionality, human dignity, and accountability. 
Reflecting on socio-technical systems, it points to managerial activities as custodians 
of trust in the development and deployment of contemporary AIs across borders. 
Accordingly, it emphasizes human agency to act justly and responsibly, and to be 
accountable for any misuse or misconduct in the common good. From I-R theory, 
trusteeship may serve as a globally coordinated governance mechanism that enables 
responsible consumption and addresses local sensitivities during deployment. 

Against this backdrop, internal strategic organizing of AIs in the Fifth Industrial 
Revolution differs from the physically bound industrial era (Bartlett & Ghoshal, 1989; 
Birkinshaw, 2022). The emergent nature of facets such as autonomy and learning 
makes the external organization of AIs distinct from that of broader digital artifacts 
(Berente et al., 2021; Nambisan & Luo, 2021). This shift necessitates rethinking the 
process of responsiveness. These facets of AI fundamentally transform how managers 
organize and scale their internationalization activities, and introduce new strategic 
tensions that existing theories do not fully explain. However, enacting trusteeship 
logic as a shared value in worldwide effectiveness offers a valuable path for 
international managers and regulators (see Figure 7). The existing discourse needs 
to move beyond economic goals such as economies of scale and profit maximization 
(Hutzschenreuter & Lämmermann, 2025). To address global challenges, organizing 
includes concerns related to fairness, manipulation, and sustainable consumption 
(Dolata et al., 2022; Jobin et al., 2019). These concerns are relevant not only to 
international managers, but also to regulators. Hence, rethinking responsibility in 
globally integrated AI strategies is critical for international strategy and information 
management discourse. At the same time, it is also important for international 
regulators to develop or amend regulations to safeguard users' well-being. As AIs 
increasingly influence global production and consumption patterns, these advanced 
artifacts pose risks of harm to users and raise ethical challenges for strategic 
organizing (Bartneck et al., 2021; Berente et al., 2021). Therefore, there is a pressing 
need to rethink strategic organizing to include both the globally relevant facets of AI 
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and a responsibility for common good. It is on this integrated understanding that this 
dissertation develops its framework for organizing AIs responsibly across borders by 
employing a systems-oriented methodology. 
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3 METHODOLOGY  

Methodology is a mode of systematic thinking and reasoning in science (Arbnor & 
Bjerke, 2009; Furnari et al., 2021; Welch et al., 2022). For research processes, it sheds 
light on ways of reflection for seeking knowledge of realities and for being coherent 
in intellectual judgment (Al-Ghazālī, 2024/1095). In social science, methodology is 
not just about choosing among different methods of data collection, production, and 
analysis (Archer et al., 1998). It is also about reflecting on choices or the development 
of suitable methodological approaches for theorizing (Arbnor & Bjerke, 2009; Köhler 
et al., 2026; Welch et al., 2011). Hence, methodological pluralism is paramount to 
advance science. Positioned within methodological pluralism, this dissertation 
acknowledges and embraces diversity in scientific inquiry and multiple ways of 
thinking and acting (Avital et al., 2017; Miles et al., 2014). This openness enabled a 
flexibility to innovate and adapt multiple views, established reporting styles, research 
methods, and analytical approaches. Such a position is considered necessary to 
continue the advancement of IB and IS as a field of science, particularly given their 
inherent multidisciplinary domains (Avital et al., 2017; Furnari et al., 2021; Welch et 
al., 2011). Instead of merely following prescriptive cookbooks, method templates, or 
common writing genres, this dissertation adopted a critical and reflexive approach 
(Al-Ghazālī, 2024/1095; Braun & Clarke, 2025; Cunliffe, 2003). However, the present 
language and methodological reflections are somewhat distinct, as they mingle the 
researcher’s self-consciousness that aligns with chosen methodological view (Arbnor 
& Bjerke, 2009). Doing so extends exciting method-related cognitive institutions (i.e., 
schema, reporting style) that are not only appreciated, but also desired in both IS and 
IB (Grover & Lyytinen, 2015; Welch et al., 2022). 

3.1 A Systems-oriented View of Methodological 
Complementarity 

Methodological view is a form of reflection that involves self-awareness and 
criticality of method and related decisions throughout the research process. In turn, 
it guides thinking and acting (Arbnor & Bjerke, 2009). Reflection in research guides 
the step-by-step examination of a question that moves from clear concepts to sound 
judgments. This examination is not necessarily linear and can be recursive, and when 
possible, it demonstrates a degree of certainty by understanding relations among 
conceptual entities (Al-Ghazālī, 2024/1095). This dissertation emphasizes a strategic 
management of AI, and more specifically, the question of how AI can be strategically 
organized across borders in a globally responsive manner to integrate economic and 
social goals. It emphasizes strategic rethinking that emphasizes foundational aspects 
of organizing a system in a firm-level setting. Additionally, its theoretical 
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underpinnings also underlie systems thinking, particularly the social-technical 
aspects of AIs and loose coupling organizing (Ali et al., 2025; Berente et al., 2021; 
Nambisan & Luo, 2021). Simultaneously, it embodies a systems-oriented view as its 
focal methodological mode of reflection for seeking knowledge. Therefore, the 
dissertation's methodological view may be best described as a systems-oriented view 
of methodological complementarity (Arbnor & Bjerke, 2009). However, there are 
three methodological views: the analytical, systems, and actor views that are used to 
seek knowledge (see Table 3 for a brief comparison and Arbnor and Bjerke (2009) 
for a detailed account). 

Table 3. Presentation of different methodological views  

Focal view Core 
focus 

What is 
reality? 
(Ontology) 

How to acquire 
knowledge of 
reality? 
(Epistemology) 

How to study 
reality? 
(Methods) 

Root 
paradigm and 
theory 

The 
analytical 
view 

Generalizable 
explanations 
 

Filled with 
facts, 
independent 
of  
individual 
perceptions, 
and 
summative in 
nature. 

Regularities and 
common opinions. 

Laws of cause 
and effect, 
hypothesis-
driven inquiry, 
surveys, 
publicly 
available data, 
statistical 
testing, 
reliability, and 
dominant 
opinions. 

Positivism, 
empiricism, 
rationalism, 
materialism, 
and analytical 
philosophy. 

The systems 
view 

Explanation 
and/or 
understanding 
of a complex 
phenomenon 

Consists of 
interrelated 
structures and 
patterns, and 
parts that co-
influence each 
other. 

Design, irregular 
aspects of the 
context, regular 
patterns, 
interactions, 
relations, and 
situations of 
structures. 

Existing 
literature, case 
studies, system 
mapping, 
historical/longit
udinal analysis, 
secondary 
information, 
interviews, 
trustworthiness, 
and 
illustrations. 

Holism, 
pragmatism, 
structuralism, 
systems 
theory, 
sensemaking, 
metaphorical 
thinking, and 
materialism. 

The actors 
view 

Deep 
understanding 
and insightful 
action 

Reality is 
socially 
constructed, 
through 
meanings and 
context-
dependent. 

Co-creation of 
meaning, non-
linear process, 
unique, chaotic, 
and specific, and 
self-reflection,   

Dialectical-
driven inquiry, 
participatory 
approaches, 
iteration, 
metaphor, 
credibility, and 
interpretations. 

Social 
constructionis
m, pragmatism, 
idealism, 
sensemaking, 
metaphorical 
thinking, 
grounded 
theory, critical 
theory, and 
hermeneutics.  
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The systems view has various practices. From a methodological point of departure, 
this dissertation reflected on systems in terms of paradigmatic stances or ultimate 
presumptions, interesting issues and perspectives, conceptualization, methods, and 
results (Arbnor & Bjerke, 2009).  It conceived the systems view as a holistic approach 
to studying reality, aiming to explain and understand knowledge. It also provided a 
coherent stance about what reality is, how it can be known, and which methods and 
practices are suited to studying and improving business knowledge. Such a 
methodological approach served a dual function that encompasses certain ultimate 
presumptions and serves as the prerequisite for the design of practical procedures. It 
further clarified ultimate assumptions underlying a paradigmatic stance in subject 
areas such as international strategy in IB and information management in IS. 
However, these assumptions or paradigmatic stances also shaped research process, 
practical procedures, instruments, and reporting. Hence, the system-oriented 
complementarity view has been a coherent stance of reflections that articulated the 
researcher's ultimate presumptions about reality (ontology) and the nature of 
knowledge (epistemology), and enabled a translation of those reflections into a 
structured logic of inquiry (methodology) with operative practices and methods for 
seeking knowledge.  

Such a systems-oriented view is grounded in five principles (Arbnor & Bjerke, 2009). 
First, reality is a network of interdependent components rather than isolated parts, 
which stresses the principle of totality – the whole is more than the sum of its parts. 
Second, the view recognizes complexity, meaning that any model or interpretation of 
a system is necessarily limited and shaped by practical delimitation, and there are 
possibilities for multiple perspectives and magnifying levels. Third, it embraces 
relativity, acknowledging that system representation depends on framing and 
conceptualization. It accepts that every representation of empirical reality is 
approximate, and relative to the given perspective and purpose. Fourth, elements in 
a system influence each other reciprocally, which points to the principle of mutuality. 
Thus, a cause in one subject may become a predicate in another. Finally, there is a 
fundamental limit to predicting a system's future behavior, which underlies the fifth 
principle of unpredictability. This arises since the constructed system constantly 
interacts with its environment, potentially leading to (un)intended consequences. 
Therefore, there may be a need for a sincere effort to improve intellectual judgment, 
in order to achieve universal meanings and their certainty (Al-Ghazālī, 2024/1095).  

According to the systems-oriented view, reflecting requires a holistic approach from 
ontological (nature of reality), epistemological (nature of knowledge), and 
methodological perspectives (strategy for generating knowledge). As most readers in 
social sciences observe, established presentations use these concepts to classify 
different paradigms (Burrell & Morgan, 1979; Guba, 1990). However, the present 
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presentation is consistent with these concepts yet distinct from such well-known 
classifications, which follow. Particularly, it embodied  various ontologically and 
epistemologically classified paradigmatic stances (ultimate presumptions) 
concerning methodology (see Arbnor et al., 2009 for a more detailed account). 
However, this dissertation has not taken the existing systems view for granted, and 
has consulted and corroborated with wider scholarly works on methodology (Al-
Ghazālī, 2024/1095; Archer et al., 1998; Mingers et al., 2013). Hence, constant 
reflectivity enabled adaptation even within ultimate presumptions, leaning toward a 
methodology of complementarity (Arbnor & Bjerke, 2009). In other words, it 
employed the systems view as the primary mode of reflection, while embracing 
pluralism (Welch & Piekkari, 2017) and incorporating complementary ideas from 
other views, namely the analytical and actor views. Such a pluralistic approach with 
complementarity involved adapting existing concepts and theories, as well as 
collecting, framing, and interpreting data. Therefore, complementary procedures 
were configured against the ultimate presumptions of the primary systems view. 
However, the reported view evolved over time until closure of this dissertation. 
Therefore, the presentation style employed here is reflexive, which may not look like 
other approaches, yet still relate to established paradigmatic stances.  In this 
dissertation, such constant reflection is deemed necessary to create an impact in 
society and achieve the common good through research in IB and IS. 

3.2 Ultimate Presumptions: A System-oriented 
Paradigmatic Reflection 

Reflecting on the systems-oriented complementarity, this dissertation adapted 
conscious assumptions about reality, accompanied by a clear understanding of what 
knowledge is and how it emerges. Such an emerging paradigmatic stance held certain 
underlying assumptions, indicating a particular way of reflecting on study areas such 
as international strategy or information management.  It extended to embody moral 
inclusiveness and other relevant paradigmatic stances in knowledge-seeking. 
Therefore, the dissertation emphasized ultimate presumptions that comprise a 
conception of existence, a conception of reality, a conception of knowledge, a 
conception of science, a scientific ideal, as well as responsibility and aesthetic aspects.  

3.2.1 A Conception of Existence 

Existence means that a thing is, as opposed to not being at all (Al-Ghazālī, 
2024/1095). It concerns what kinds of things actually exist and how they exist. 
Things differ in their existence, whether they stand on their own or depend on 
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something else. A thing is real by its substance, which exists by itself – for example, 
different forms of contemporary AIs exist in international markets. Additionally, 
something may be present not on its own, characterized by the existence of essences 
in a particular thing. For example, the essence of learning or autonomy is embedded 
in contemporary AIs (Berente et al., 2021). This understanding of existence provides 
an important perspective on the distinction between properties and independent 
objects, like the characteristics of contemporary AIs and the phenomenon of AI itself.  
However, knowing what something is does not necessarily mean it exists  (Al-Ghazālī, 
2024/1095). 

A thing’s essence is thus understood even when its existence is unknown, doubtful, 
or denied. For example, one might know what artificial superintelligence is and its 
characteristics, but it does not yet exist (Bostrom, 2016). Therefore, there are three 
fundamental types of existence that exist in some way, independent of human 
observation (Al-Ghazālī, 2024/1095). First, the actual existence that could exist by its 
own right or that depends on something else. For example, firms, managers, users, 
virtual AIs, events (human-AI interaction), and a regional cross-border market. 
Second, the possible existence of things that could exist by their own right, or that 
depend on something else, or not at all. For example, the potential of artificial general 
intelligence in the near future, and responsible localized deployment of AIs in a given 
market. Third, the necessary existence of a being that must exist and depends on 
nothing else. Only God has necessary existence for a believer, which is outside the 
scope of this dissertation. However, this understanding now points to the existence 
of reality.  

3.2.2 A Conception of Reality 

Reality consists of fact-filled system structures in objective reality, and of subjective 
opinions of such structures (Arbnor & Bjerke, 2009). Reality (what truly is) is 
whatever exists, either within the human mind or inside or outside of the external 
world (Al-Ghazālī, 2024/1095). Realities arise from the subject matter of knowledge 
and reasoning, and the existence of reality is arranged in such a way that the whole 
differs from the sum of its parts. It emphasizes objects and entities, as well as their 
interactions and relations within a system, and arguably, the behaviors, tendencies, 
or ways of acting of those individual parts. In the context of the common good, facets 
of AI evolve as the scope of affordance and performance expands. In turn, differing 
realities may arise, with both positive and dire consequences (intended or 
unintended), triggered by managerial and user actions. Therefore, reality about AIs 
is conceived as emergent and relational, where outcomes arise from the interplay 
between actors and entities. The same circumstances around AIs may simultaneously 
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generate economic outcomes through FSAs and risk of harm for users, resulting in 
multiple yet interconnected realities that cannot be fully understood in isolation. 
However, there could be different modes of existence for realities, independent of 
human observation, which can be unknown, doubtful, or denied (Al-Ghazālī, 
2024/1095). 

At the systems level, there are relevant presumptions in the conception of reality 
(Archer et al., 1998; Mingers et al., 2013; Welch et al., 2011). Reality is thus conceived 
as a stratified yet dynamic system. The basic assumption about reality is that there is 
a real world independent of human knowledge, observation, or experimentation. As 
a whole system, reality consists of objects, entities, mechanisms, events, and 
experiences.  However, reality has three domains: the real, the actual, and the 
empirical, seen as stratified systems (Archer et al., 1998; Mingers et al., 2013). The 
real domains consist of objects or entities, events, and experiences, arguing for a 
whole reality. The actual consists of events that occur (or not) independently of 
humans. In the empirical domain, those events may (or may not) be observed or 
experienced. One should not reduce all events to those that are observed or 
experienced. Constructing knowledge in business, as in other social sciences, is more 
difficult than in natural sciences. Thus, clarity about reality is, for the most part, 
nonexistent. Therefore, this dissertation strives to strike a balance between deep data 
engagement and imaginative theorizing (Köhler et al., 2026), leading to the concept 
of knowledge. 

3.2.3 A Conception of Knowledge  

Knowledge is an organized form of information, understanding, and theories, 
characterized by approximations, evidence, and improvement as new evidence 
emerges (Archer et al., 1998; Furnari et al., 2021). It provides an objective and a 
subjective understanding, which are both universal and contextual (Welch & 
Piekkari, 2017). Knowledge may also relate to absolute certainty about the existence 
of reality. Hence, knowledge can be divided into two categories (Al-Ghazālī, 
2024/1095). First, knowledge of the essence of things, objects, or entities, such as a 
knowledge of managers, users, or a particular facets of contemporary AIs. This kind 
of knowledge which is called a conception, and concerns parts of systems. Second is 
a knowledge of the relationship of conceived essences to each other, either by means 
of mechanism, event, and/or experience. Therefore, one must understand how to 
organize AIs in firms by conceptualizing their essence (characteristics or facets) at 
intersection of managers and/or users. However, it also concerns whole system. 
Reflection on a singular component of parts then relates to the compound of entire 
systemic behavior. In total, it aims at a full or approximate knowledge of realities 
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through understanding and explaining structure, based on empirical evidence or 
proofs  (Al-Ghazālī, 2024/1095; Archer et al., 1998; Mingers et al., 2013). However, a 
potential structure that causes or emerges from these events at the intersection of 
objects and entities can exist in unseen and accidental forms (Arbnor & Bjerke, 2009). 

As argued earlier, underlying actions regarding AIs may have unforeseen and non-
intentional negative consequences, indicating possible risks of harm across national 
borders. The mode of analogical reasoning thus may include abduction (Dubois & 
Gadde, 2002; Welch et al., 2011) and generative doubt with rational control and 
irrational free-play for theorizing (Köhler et al., 2026). To explain and understand the 
knowledge of reality, one must tap into the realm of objects and structures 
themselves, in order to understand underlying mechanisms. The reality thus consists 
of structures of objects and entities, both material and social, that give rise to 
particular behaviors, tendencies, or ways of acting, called mechanisms. These 
mechanisms may (or may not) trigger events, and the mechanism of events at one 
level can be seen as being generated by those of the lower-level objects (Bechtel, 
2009; Machamer et al., 2000). Consequently, the systems-oriented methodological 
complementarity view may explain parts in terms of characteristics (facets of AI) of 
the whole of which they are part (trusteeship organizing of AI), so as to capture an 
approximate reality to achieve responsiveness. However, knowledge about the 
existence of reality is directly relevant to science. 

3.2.4 A Conception of Science 

The system view conceives many ways of gaining and producing knowledge about 
the existence of realities  (Arbnor & Bjerke, 2009). For AIs, one prominent way is 
termed as scientific, which enables an explanation and understanding of knowledge 
that emerges from empirical reality, as argued above. Other ways could be through 
consultancy and policy debates, for instance (Claypool, 2023; European Commission, 
2019). In pursuit of knowledge, science is a systematic process of inquiry into 
realities in natural and social worlds. Science may also relate to outer space, the 
universe, and beyond, like other worlds, the multiverse, or the hereafter, which are 
outside the scope of this dissertation. Consequently, science enables a better 
understanding and explanation of phenomena under investigation, and delves into 
conceptualization, modeling, and frameworks that underlie theorizing processes. 
However, the scientific approach has two necessary yet interconnected 
characteristics (Arbnor & Bjerke, 2009).  

First, it must be an engaged and sincere attempt to explicate the relation between 
conception and empirical observation, and also be relevant to reality (empirical 
reality) (Mingers et al., 2013; Welch et al., 2022).  This view holds that knowledge of 
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empirical reality arises from inquiry, reflection, reasoning, and observation, which is 
subject to critical scrutiny and intellectual challenge (Welch et al., 2011). Accordingly, 
through the scientific inquiry undertaken across Articles I-III, this dissertation 
recognizes that strategic organizing AI for responsiveness across borders is 
associated with both opportunities and challenges. For managers, AIs may create 
opportunities for developing firm-specific advantages while posing challenges for 
responsible organizing. For users, however, AIs may give rise to risks of harm, 
misplaced trust, and unintended consequences stemming from their evolving 
affordances. For regulators, AIs introduce concerns related to data privacy, 
accountability, and deceptive practices. These perspectives represent different yet 
interconnected knowledge of realities that emerge from scientific endeavor 
undertaken across Articles I-III. 

Second, using a scientific methodology necessarily requires a conscious application 
of reasonably clearly formulated rules and analogical reasoning (Al-Ghazālī, 2024; 
Furnari et al., 2021). Procedures and results must also be explicitly articulated for 
other members of the scientific community and for critical scrutiny. Accordingly, this 
dissertation engages in scientific inquiry to gain knowledge about strategic 
organizing of AIs that integrate economic and social imperatives, enabling 
responsiveness across borders. Consistent with this aim, operatives and analogical 
reasoning embrace reflexive openness to emphasize transparency regarding the 
researcher’s actions and methodological integrity to ensure coherence among 
ultimate assumptions, research design, methods, and theorizing (Braun & Clarke, 
2025). Together, these characteristics clarify that this summary dissertation is 
oriented toward understanding, interpretation, and explanation. However, scientific 
inquiry also requires a scientific ideal concerning the researcher as a person. 

3.2.5 A Scientific Ideal 

The author of this dissertation presumes two things in his activities in business as a 
science. First, the systems-oriented methodological complementarity view implies a 
flexibility to develop new and emerging concepts that better capture systematic 
(re)interpretation of responsiveness and AIs in international strategy and 
information management reality. The whole and patterns provide a processual 
perspective that requires continuous effort to improve knowledge to underpin the 
strategic organizing of AIs, and so achieve better explanations and a better 
understanding of the various types of organizing systems. As argued earlier, 
organizing facets of AIs is emergent and adaptive, in which behavior can change over 
time in response to different internal and external circumstances (Berente et al., 
2021).  
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Second, the researcher views himself as a seeker of knowledge. This rationale draws 
on a firm personal belief in the unity of knowledge, rooted in an unseen, singular 
source that structures reality as an integrated whole. While humans have limited 
knowledge, they also suffer from bounded rationality and cognitive load (Simon, 
2000; Zheng & Jarvenpaa, 2021). However, they are still accountable agents who 
must be sincere and responsible in their thinking and actions. Many aspects of reality 
as a whole may not be comprehensible for a single human being to interpret, 
understand, and explain. Therefore, any knowledge derived from a scientific way may 
still be fallible, subject to temporality, and confined to institutions. But within the 
scientific way, this dissertation seeks knowledge to explain and understand through 
an intentional and critically engaged effort, which is deliberate, purposeful, and 
ethically bound to acquire, extend, or challenge existing knowledge on international 
strategy and information management (Arbnor & Bjerke, 2009). However, 
knowledge is also subject to intellectual judgment within responsible and aesthetic 
limits through questioning, humility, debate, and innovation. 

3.2.6 Responsibility and Aesthetic Aspects 

This dissertation presumes that the responsibility and ethical consequences of 
knowledge gained and disseminated through systems views are increasingly 
important in science. Business knowledge is directly linked to society, as research 
examines the relationships between firms and their surroundings, including 
employees, users or consumers, environments, and technology. For example, the way 
contemporary AIs are developed and deployed significantly impacts how AI-based 
solutions or artifacts behave in the real world, and underlies economic reasoning 
(Parkes & Wellman, 2015; Rahwan et al., 2019). Hence, focusing on responsible 
organizing, reflecting on truth, and serving humanity to achieve the common good is 
key to science in seeking knowledge about AIs. Moral inclusiveness is paramount to 
seeking knowledge and constructing understanding through science. Hence, 
knowledge of strategy and AIs that derives from the scientific way needs to be helpful 
in achieving good for oneself and for society as a whole (Ali et al., 2025; Floridi et al., 
2020; Fuso Nerini, 2026). 

Aesthetically, the dissertation aims to provide an approximate yet holistic description 
of the business reality of AIs in IB and IS. These descriptions are presented in the form 
of illustrations and meaningful visual representations of knowledge, whenever 
possible, such as examples, tables, and figures. However, they should also provide an 
overview to facilitate practical action to create impact. It is hoped that these 
descriptions may inspire other members of broader society and scientific 
communities. 
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In summary, the ultimate presumptions outlined above underpin the dissertation's 
systems-oriented methodological complementarity view. It allows for exploring 
dynamic interactions and systemic patterns to achieve a deeper explanation and 
understanding of contemporary AIs.  However, when a particular methodological 
view is applied to pursue knowledge, it is called a methodological approach. In turn, 
it contemplates research design, including data sources and analysis. Such 
paradigmatic stances guide the identification of interesting issues and perspectives, 
conceptualization, the development of coherent methods, and the presentation of 
results (Arbnor & Bjerke, 2009). Thus, the relationship between these presumptions, 
accompanied by the systems view, is linked to the operative paradigm that enables 
the research to be conducted. Accordingly, it addresses key concepts that describe 
steps and relations involved in seeking, understanding, and explaining knowledge. 
This sub-chapter now turns to practicalities. 

3.3 A Multi-method Qualitative Research Strategy: 
The System-oriented Operatives 

This dissertation employs a multi-method qualitative research strategy that involves 
operatives (operational procedures) from two or more methods, such as design 
and/or techniques. Unlike mixed methods, which blend operatives from both 
qualitative and quantitative traditions, a multi-method strategy remains within one 
tradition or the other. One particular note on complementarity is that any operative 
can be configured from any methodological view, including analytical, systems, 
and/or actor views, to complement one another when needed. Hence, this 
dissertation remains within the qualitative tradition in line with the paradigmatic 
stances (ultimate assumptions) presented earlier. System-oriented operatives often 
focus on existing literature, case studies, secondary sources, interviews, 
transparency, and illustrations. Consequently, the practice employs multiple 
operatives, including an abstracted configurational approach, qualitative directed 
content analysis, a single contextualized explanation case study, and a single 
mechanism-based explanation case study.  

All of these operatives utilize empirical insights from primary and/or secondary 
sources for both conceptualization and theorization. This multi-method qualitative 
research enables the overall dissertation to consist of multiple parts. The dissertation 
comprises three articles that collectively address the central research question, and 
their collective understandings go beyond the sum of their individual contributions. 
Therefore, this summary dissertation serves as a whole. Accordingly, there are four 
outcomes in this pursuit of knowledge: the summary dissertation (whole) and three 
articles (parts). Please see Table 4 for a more detailed account. The system-oriented 
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research design and operatives employed in this dissertation can be divided into two 
groups: those used in the summary dissertation and the others used in three articles.  

Table 4. A methodological overview of the dissertation  

 Whole Part 1 Part 2 Part 3 
Knowledge outputs  

Item Summary 
dissertation 

Article I Article II Article III 

Title Managing artificial 
intelligence across 
borders 

Managing artificial 
intelligence in 
international 
business: 
Toward a research 
agenda on 
sustainable 
production and 
consumption 

The dark side of AI 
anthropomorphism: 
A case of misplaced 
trustworthiness  
in service provision 

Artificial intelligence 
and 
anthropomorphism: 
A case of risk of harm 
on the global stage 

Ultimate presumptions 
Paradigmatic 
stances 

The systems-
oriented 
methodological 
complementarity 

Critical realism Critical realism The systems-
oriented 
methodological 
complementarity 

Interesting issues and perspectives 
Conceptualized 
type of narrow 
AI systems 

Robotic, virtual, 
embedded, and 
algorithmic 

Virtual, robotic, and 
embedded 

Virtual, robotic, and 
embedded 

Robotic and virtual 

Tensions and 
conflict 

Urgent need for a 
responsible shared 
value in organizing 
that is global by 
default, but locally 
responsive 

Balancing economic 
and social goals 

Dark pattern of 
technology usage  

Emerging AI-related 
harm from 
development and 
deployment  

Magnifying 
level 

High: Key facets of 
AI systems and their 
relations to globally 
responsive 
organizing  

Balance: Key 
characteristics of AI 
systems and their 
relations to 
international 
business 
management  

Low: Key 
anthropomorphic 
features of AI 
systems and their 
relations to the 
development of 
misplaced 
trustworthiness 

Low: Key facets of AI 
and their relations to 
potential harm 
across borders via 
deception and 
manipulation 

Conceptualization 
Conceptual 
underpinnings 

The AI frontier 
perspective; Global 
integration-local 
responsiveness 
theory; Loose 
coupling theory; The 
trusteeship 
perspective to AI 
ethics 

The AI frontier 
perspective 

The 'computers are 
social actors' 
paradigm; The 
three-factor theory 
of 
anthropomorphism 

Global integration-
local responsiveness 
theory; The 
trusteeship 
perspective to AI 
ethics 

Research 
context 

Globally responsive 
information 
management 

Responsibility in 
managing 
international 
business activities 

Service provision Service tasks across 
borders 
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 Whole Part 1 Part 2 Part 3 
Unit of 
observation 

Managerial actions, 
user actions, and AI 
systems 

Managerial actions 
and AI systems 

User actions and AI 
systems 

Managerial actions, 
user actions, and AI 
systems 

Unit of analysis 
 
 

Organizing facets of 
AI in development 
and deployment to 
enable globally 
integrated, 
responsible 
organizing for 
responsiveness 
across borders 

Characteristics of AI 
and their 
management in 
international 
business activities to 
achieve responsible 
production and 
consumption 

Utilization of 
anthropomorphic 
features in AI that 
enables misplaced 
trustworthiness 
among consumers 

Potential risk of 
harm under AI 
anthropomorphism  

Methods 
Research 
design 

Qualitative, 
abstracted 
configurational 
approach  

Qualitative, directed 
content analysis 

Qualitative, single 
contextualized 
explanation case 
study 

Qualitative, single 
mechanism-based 
explanation case 
study  

Data sources Data from three 
articles 

Published empirical 
research (n=85) 

Interview (n=14) Interview (n=14), 
review research 
(n=44), and archival 
media data (n=210) 

Analysis Configurational 
through systems 
interpretation  

Directed content 
analysis 

Configurational 
theorizing approach 

Three-step analytical 
approach 

Results 
Key findings - Four key facets of 

AI—autonomy, 
learning, 
interactivity, and 
appearance. 
- Trusteeship 
covenants, including 
addressing 
institutions, 
blocking harmful 
means, and ensuring 
accountability to 
manage those facets, 
enable 
responsiveness 
across borders, 

- Managing three 
characteristics of AI 
(autonomy, learning, 
and combinative) 
has profound 
implications to 
balance social and 
economic goals in 
international 
business operations. 
- Managers can 
utilize these 
characteristics in 
their international 
expansion activities 
at the intersection of 
responsible 
consumption and 
production. 

- Theorize that 
physical and 
behavioral 
anthropomorphic 
features imbued in 
AI agents enable 
consumers to 
develop misplaced 
trustworthiness. 
- Highlight the 
interplay of machine 
and consumer 
behavior factors that 
amplify the 
undesired outcome. 

- Construct three 
facets of AI related to 
anthropomorphism 
(appearance, 
interactivity, and 
autonomy) that lead 
to risks of harm. 
- Theorize the 
mechanism of AI 
anthropomorphism 
that leads to harm 
via deception and 
manipulation. 

Other practicalities 
Tools for 
aesthetic 
illustration  

Microsoft Word: 
Drawing Canvas and 
Table function 

None Adobe Illustrator 
and Microsoft Word: 
Table function 

Microsoft Word: 
Drawing Canvas and 
Table function 

(Un)paid tools 
for language 
improvement  

A human editor and 
Microsoft Copilot 
(university-paid), 
and Grammarly 
(self-paid) 

A human editor 
(university-paid) 
and LanguageTool 
(self-paid) 

Microsoft Copilot 
(university-paid) 
and LanguageTool 
(self-paid) 

A human editor and 
Microsoft Copilot 
(university-paid), 
and Grammarly (self-
paid) 
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 Whole Part 1 Part 2 Part 3 
Responsible 
use of AI in 
writing 

Microsoft Copilot 
(university-paid): 
Restricted to 
brainstorming and 
only directed to 
writing tasks for 
clarity and 
improvement; the 
author reviewed, 
edited, and 
reconstructed 
sentences to make 
further sense based 
on or to align with 
his original input. 

None None Microsoft Copilot 
(university-paid): 
Restricted to 
brainstorming and 
only directed writing 
tasks for clarity and 
improvement; the 
author reviewed, 
edited, and 
reconstructed 
sentences to make 
further sense based 
on or to align with 
his original input. 

Author(s) Rakibul Hasan Rakibul Hasan and 
Arto Ojala 

Rakibul Hasan, Arto 
Ojala, Sara Quach, 
Park Thaichon, and 
Scott Weaven  

Rakibul Hasan 

Possible 
publication 

Unpublished: 
Tentatively targeting 
a respected journal 
in IB by 
transforming into a 
conceptual paper 

Already published: 
Thunderbird 
International 
Business Review 
(2024) 

Already published: 
Proceedings of the 
58th Hawaii 
International 
Conference on 
System Sciences 
(2025) 

Unpublished: 
Tentatively targeting 
a respected journal 
in IS by further 
improvement  

Transparency 
on author(s) 
contributions 
(using CrediT: 
https://casrai.or
g/credit) 

Sole authorship Rakibul Hasan: 
Conceptualization, 
data curation, 
methodology, formal 
analysis, 
visualization, 
writing – original 
draft, and writing – 
review and editing. 
Arto Ojala: 
Supervision and 
writing – review and 
editing. 

Rakibul Hasan: 
Conceptualization, 
data curation, 
methodology, 
investigation, formal 
analysis, 
visualization, 
writing – original 
draft, and writing – 
review and editing. 
Arto Ojala, Sara 
Quach, Park 
Thaichon, and Scott 
Weaven: 
Supervision and 
writing – review and 
editing. 

Sole authorship 

Targeted SDGs SDG#12 on 
responsible 
consumption and 
production, and 
SDG#16 on peace, 
justice, and strong 
institutions 

SDG#12 on 
responsible 
consumption and 
production 

SDG#12 on 
responsible 
consumption and 
production 

SDG#12 on 
responsible 
consumption and 
production 
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3.3.1 The Summary Dissertation: An Abstracted Configurational 
Approach to Understand and Explain a Management System 

The research design of the summary dissertation may best be described as an 
‘abstracted configuration approach’ to understanding and explaining through system 
interpretation (Arbnor & Bjerke, 2009). The approach is well-suited to studying 
strategic organizing of contemporary AIs, as it enables the analysis of interrelated 
components and their evolving relationships within a broader management system. 
The outcome of this approach is a processual understanding of strategic organizing 
of AIs within a strategic management system, which itself is a subsystem of a firm. 
Firm-specific human actors like top and middle managers operate it, and it requires 
continuous managerial effort. The core focus of the summary dissertation is therefore 
to explain how managers organize contemporary AIs to achieve responsiveness 
across borders, while integrating reasoning into economic and social goals. Managing 
AIs is thus a socio-technical system comprising managers, end users, and regulators. 
Managers are responsible for development and deployment in domestic and foreign 
markets. Any possible positive or negative consequences of such development and 
deployment not only affect a firm's economic reasoning, but also have a real-life 
impact on end users or consumers, which also raises tensions and conflicts 
concerning social reasoning. Hence, regulations and responsibility go hand-in-hand 
in such a configurational interpretation of AIs in international strategy. This directly 
links information management and its strategic organizing in the international 
marketplace, and in turn, the summary dissertation becomes a theoretical endeavor 
to configure an organizing framework.  

3.3.1.1 Data Source 

Data from three articles serve as the empirical basis for this summary dissertation. 
Using a combination of purposeful sampling, the study employed both a maximum 
variation strategy and a criterion-based strategy for data triangulation (Patton, 
2002). This combined sampling approach enabled the researcher to identify 
distinctive and diverse variations across data sources while also uncovering common 
systemic patterns that emerged from multiple data sources, including interviews and 
archival data. The maximum variation strategy enriches understanding by capturing 
diverse experiences and features that reflect different countries, types of AIs, and 
viewpoints on risk of harm or managerial responsibilities. Simultaneously, the 
criterion-based strategy ensures the inclusion of data that met purposive quality-
assurance criteria, particularly for secondary sources such as review research. 
Corroboratively, these strategies help achieve data triangulation that allows 
systematic integration of empirical insights derived from different types of data. This 
dissertation is based on three main sources of data (see Table 5).  
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Table 5. Overview of all data sources 

Category Data source Purpose 

 Main sources  
Research 
review 

*N=85 empirical research on 
AI and international 
business activities 
(completed in 2023), 
providing empirical insights 
from 1993 to 2023. 

(i) Developing an understanding of characteristics of 
AI systems in international business activities. (ii) 
Tracing managerial opportunities at the firm level 
and related responsibilities. (iii) Tracing managerial 
challenges for responsibilities across national 
borders. (iv) Contextualizing common good by 
reflecting on economic reasoning and societal 
imperatives to develop and deploy AI systems. 

 **N=44 empirical research on 
AI anthropomorphisms in 
service settings (completed 
in 2024), providing 
empirical insights from 
2014 to 2024. 

(i) Tracing possible human-like features imbued into 
AI systems. (ii) Capturing and reinterpreting possible 
immediate negative outcomes due to the presence of 
anthropomorphic features across countries. 
(iii) Finding possible responsible ways to develop 
and deploy AI systems across markets. 

Interview N=14 interviews (7 users and 7 
experts) conducted in 2021, 
yielding approximately 225 
double-spaced typed pages 
of interview transcripts. 

(i) Developing an in-depth understanding of AI 
systems and anthropomorphism.  (ii) Tracing 
responsibilities around AI and possible reasons 
behind negative consequences and risk of harm.  
(iii) Understanding deliberate actions within firms 
around AI development and deployment. 

Archival data ***N=210 archival media, 
including newspaper (122 
articles), magazine (47 
articles), web-based news 
(14 sources), blogs (20 
posts), and transcripts of 
podcasts (7 episodes), 
providing insights from 
2005 to 2026. Dataset 
completed in 2026. 

(i) Identifying strategic actions by firm-specific 
actors (e.g., top management) and associated 
accountability. 
(ii) Tracing the evolving discourse of AI systems in 
diverse institutional settings and the associated risks 
and responsibilities.  
(iii) Gathering public accounts of usage or 
consumption of pervasiveness and the experiential 
nature of AI systems.  
(iv) Contextualizing common good by reflecting 
experts' views and users' live experiences and 
opinions on harm and responsibility around AI 
systems. 

 Additional sources  
Online 
observation 

N=12 subreddits from Reddit 
forums (e.g., r/Artificial 
Intelligence: Why  
‘relationships' with AI 
aren’t really relationships) 

(i) Understanding naturally occurring contemporary 
conversations about the possible negative 
consequences of AI systems. (ii) Understanding 
different contemporary AI systems and how firms 
shape their functionalities.  

 N=2 documentaries (The Age 
of A.I. on YouTube and The 
Social Dilemma on Netflix) 

Documents N=2 system details (GPT-4o 
from OpenAI and Claude 
from Anthropic) 

(i) Understanding deliberate actions within firms and 
the associated risks of contemporary AI systems.  
(ii) Understanding the possible negative 
consequences of AI systems and anthropomorphism 
across countries (e.g., the UK, Norway) and users 
(e.g., vulnerability due to age). 

 N=4 reports by governmental 
agencies and non-
governmental 
organizations (e.g., reports 
by the Norwegian 
Consumer Council and 
Internet Matters) 

Note: Constructing the dataset based on evolving inclusion and exclusion criteria. See *(i) Methodology 
of Article I, **(ii) Appendix A of Article III, and ***(iii) Appendix B of Article III. 
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First, a research review of N=85 empirical research articles with a focus on AI and 
international business activities and another research review of N=44 for empirical 
insights into AI anthropomorphisms in service settings. Second, semi-structured 
interviews of N=14 (users and experts), with a focus on AI and anthropomorphism 
(see Table 6). Conducting interviews focuses on wider and emerging aspects of AIs, 
anthropomorphism, and responsibilities. Two separate yet interrelated question 
guides were used to elicit interviewees' views and experiences (see Appendix 1). 
Third, archival media data of N=210 on AI development and deployment in the global 
marketplace. Furthermore, the dissertation also utilizes additional sources related to 
online observation and document analysis (see Table 4).  

Table 6. Description of interview data 

Pseudonym Sex Age Types of experiences or expertise Occupation Country 
perspective 

   Interview type: Users   
Ricky M 24 Customer queries with a humanoid robot 

(robotic AIs); Automated algorithmic 
offerings in information search and social 
media (algorithmic AIs); Smart home 
through digital assistants (virtual AIs) 

Research 
assistant 

Anonymous 
/Australia 

Xiang F 36 Child education and learning by a small 
robot (robotic AIs); Information search and 
smart home through digital assistants 
(virtual AIs) 

Doctoral 
candidate 

China 
/Australia 

Darya F 37 Navigation in a car and smart home 
through digital assistants (algorithmic and 
virtual AIs); Cleaning through a robot 
(robotic AIs) 

Postgraduate 
student 

Iran 
/Australia 

Shahid M 30 Service inquiry through chatbots (virtual 
AIs) 

Operations 
coordinator 

Pakistan/United 
Arab Emirates 

Cooper M 22 Information search through digital 
assistants (virtual AIs); Service encounters 
of algorithmic recruitment (algorithmic 
AIs) 

 Australia 

Mei F 27 Service order and delivery in restaurants 
through humanoid robots (robotic AIs); 
Cleaning through robots (robotic AIs); 
Smart home through digital assistants 
(virtual AIs) 

Postgraduate 
student 

China 

Roger M 25 Service inquiries through digital assistants 
(virtual AIs); Mobility through autonomous 
driving (robotic AIs) 

Postgraduate 
student 

United States 

   Interview type: Experts   
Adriana* F 35 Data privacy consultancy (algorithmic AIs); 

Smart home through digital assistants 
(virtual AIs) 

Consultant Brazil 
/Australia 

Josephine F 26 AI ethics and online gaming (robotic and 
virtual AIs) 

Early career 
researcher 

France 
/Germany 

Ibrahim M 37 AI and service marketing (virtual AIs) Early career 
researcher 

Singapore 
/Australia 
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Pseudonym Sex Age Types of experiences or expertise Occupation Country 
perspective 

Jacinta* F 25 Developing AI systems and tech philosophy 
(robotic and algorithmic AIs); Smart home 
through digital assistants (virtual AIs) 

Tech 
philosopher 

Mexico 

Harry** M 54 Developing AI systems (avatar) with 
various service settings (virtual AIs) 

Professor, 
AI scientist   

The UK 
/New Zealand 

Aryan** M 26 Developing AI systems (prediction model) 
in healthcare service (algorithmic AIs) 

Company 
owner/founder 

Germany 

Pramarn M 59 Healthcare service for the elderly through 
humanoid robots (robotic AIs) and 
automated algorithmic offerings 
(algorithmic AIs) 

Professor, 
Tech 
philosopher 

Thailand 

Note: Shared insights as (i)* a user, as well as an expert, and (ii)** a firm-specific actor, as well as an 
expert. 

Consequently, the question presented in this summery dissertation does not 
necessarily mirror the original research questions of each article. Instead, it reflects 
a higher-order framing that answers an overarching research question, extending 
beyond the sum of the individual contributions. Put simply, it moves beyond the 
individual contexts and original findings of each article to mold their insights into a 
unified perspective that creates new meaning. However, it also accommodates the 
researcher’s own reflection and personal observations that may not be reported in 
any of the articles. It further integrates both objective factual reality and subjectivity, 
including creativity. However, it is always anchored to theory and bounded in the 
context of the common good, and the analysis revolves around responsible 
development and the deployment of AIs in international markets. 

3.3.1.2 Analysis 

The goal of the analysis was to represent an approximate reality through systems 
interpretation (Arbnor & Bjerke, 2009). The unit of analysis was the organizing facets 
of AI used in development and deployment to achieve responsiveness that integrates 
reasoning on both economic and social goals. The analysis focused on managerial 
actions that consciously enable the organization of these facets across borders. 
Analytical processes were iterative, which allowed theory and data interpretation to 
evolve together by using abduction (Dubois & Gadde, 2002). Accompanied by 
abductive reasoning, theorization emerged from empirical observation and creativity 
to balance deep data engagement with imaginative theorizing (Köhler et al., 2026). 
Collectively, the analysis followed a recursive three‑step process: 1) identifying 
through seeing, 2) mapping through challenging, and 3) abstracting through 
articulating.  

Identifying through seeing. The first step involved identifying system components 
through a process of seeing (Köhler et al., 2026). For seeing, both lower and higher 
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magnifying levels were used to identify system components (Arbnor & Bjerke, 2009). 
This step identified core components of managing AI that arose from different 
contemporary forms (e.g., robotic, virtual, and algorithmic) and their interconnected 
facets, as well as affordances that emerged from AIs. This step focused on the whole 
and its relationships, and not on isolated elements (Arbnor & Bjerke, 2009). Key 
issues involved how facets of AI operate as parts of a larger system involving 
managers and users across borders. Identifying considered patterns, contextual 
influences, as well as the open, dynamic, and adaptive nature of AIs. Understanding 
thus required attention to environmental complexity and interdependencies among 
facets of AI. However, the identifying step was also theoretically anchored to develop 
initial constructs (Dubois & Gadde, 2002). Throughout component identification, the 
analysis moved back and forth between already theoretically driven 
conceptualization and evolving system interpretation. This step uncovered hidden or 
missing patterns related to trusteeship and responsiveness across borders. Emerging 
constructs were continuously anchored to existing theory.  

Mapping through challenging. The second step involved mapping to interpret 
system relations. It challenged existing theoretical assumptions through engaging 
with problematization (Alvesson & Sandberg, 2011), as presented in the theoretical 
background section. This step examined how components and constructs relate to 
one another to develop possible or alternative explanations for underlying 
mechanisms (Arbnor & Bjerke, 2009). Emerging relationships were then confronted 
with surprising observations at the intersection of various forms of contemporary AIs 
and their evolving characteristics. They were confronted with managerial 
opportunities, users’ (misplaced) trustworthiness, and possible negative 
consequences of AIs, regardless of national borders. Arising from both managerial 
and users' actions, anomalies in systems interpretation led to doubt about the 
explanatory utility of existing theories about responsiveness in relation to 
contemporary AIs, as an evolving frontier of organizing capabilities at the firm level. 
This generative doubt thus produced a state of ‘not knowing’, subsequently 
motivating a search for alternative understanding for theoretical explanations 
(Köhler et al., 2026).  

This search process for understanding and interpreting strategic organizing of AIs in 
the context of commod good has evolved over time. The researcher iterated through 
possible explanations, engaged with more data and analysis, and explored literature 
and data further to reach a series of conceptual leaps to construct relationships. In 
addition to systematic engagement with data, this step moved beyond data to freely 
explore possibilities and hunches, activating a dual mode of analytical thinking in 
abduction (Köhler et al., 2026). One is rational control to systematically observe and 
deliberately pursue objective understanding, and the other is irrational free-play to 
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imagine possibilities and follow hunches to pursue subjective explanation in the 
context of common good. The analysis also compared common patterns and outliers 
across articles and existing theory, and reflected the absence of elements to identify 
shared connectors that may shape these relations, as per conceptualization. It 
connected a theoretical understanding beyond that employed in the included three 
articles, which elevated context‑specific findings into broader abstracted conceptual 
insights about managing AIs across borders, and formed a unified perspective that 
yields emergent meaning.  

Abstracting through articulating. Finally, the refined components and 
relationships were integrated into an explanatory model through abstraction 
(Bygstad et al., 2016; Furnari et al., 2021). At this stage, components and relationships 
were named and refined to a level that is understandable to improve conceptual 
clarity and coherence. This stage shifted the analysis from descriptive detail to a 
higher level of conceptual expression through writing, visualizing, and modeling 
(Arbnor & Bjerke, 2009). Through articulating (Köhler et al., 2026), the purpose was 
to transform theoretical observations and preliminary interpretations into clear and 
coherent abstracted framing for presentation and communications. Ultimately, the 
goal was to generate a plausible explanation that enhances understanding of strategic 
organizing AIs for responsiveness across borders to integrate both economic and 
social imperatives. This step thus ensured that abstract concepts reflect underlying 
system logic, including interdependencies among facets of AI that intersect with 
managerial and user actions. Through this iterative refinement, mapped components 
moved from loosely connected insights toward a coherent conceptual language. This 
synthesis translated abstracted insights into a model of a processual management 
system that serves as the mainframe of the emerging Globally Responsive AI 
Organizing (GRAO) framework. The model development involved assembling 
components into a configuration that reflects their system‑level interactions. In this 
step, the analysis also drew on metaphors and conceptual illustrations to make the 
emerging system more intuitive (Arbnor & Bjerke, 2009). In doing so, the GRAO 
framework becomes both a mode of explanation and a practical guide for relevant 
stakeholders. 

3.3.2 Article I: Directed Content Analysis to Understand AI Systems 
from a Socio-technical Perspective 

3.3.2.1 Research Design 

The article employs directed qualitative content analysis as its research design. Such 
a design is particularly suitable when existing knowledge on a phenomenon is 
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limited. This operative extends theoretical understanding, and systematically 
analyzes textual data from prior empirical studies. Drawing on the systems view, it 
emphasizes reflexivity and context-specific interpretation, rather than rigid 
methodological templates. 

3.3.2.2 Data Source 

In line with systems views, the article constructed a dataset with already published 
secondary information. The dataset consists of N=85 empirical research articles on 
AIs published across multiple disciplines, including international business, 
management, information systems, computer science, and engineering. Articles were 
selected through purposive sampling based on relevance to AI utilization in 
international business operations and sustainable development. The time frame 
spans from 1950 to 2023 to capture both foundational and contemporary insights. 

3.3.2.3 Analysis 

The analysis involved iterative intra- and inter-textual comparisons between theory 
and data. These emerging insights are directed toward responsible consumption and 
production. It explained emerging themes through constructed key characteristics of 
AIs—autonomy, learning, and combinative. The process included coding empirical 
findings, identifying patterns, and relating them to socio-technical perspectives to 
construct a conceptual understanding of responsibilities around AIs in international 
business management contexts. 

3.3.3 Article II: A Contextualized Explanation Case Study to Explain 
the Dark Side of AI Systems   

3.3.3.1 Research Design 

The article adopted a qualitative single contextualized explanation case study design. 
It explained how anthropomorphic features (characteristics) of AIs lead to misplaced 
trustworthiness among consumers or end-users. The empirical context was service 
provision. The unit of analysis was how anthropomorphic features are utilized in 
contemporary AIs and how consumers respond to them, which leads to misplaced 
trustworthiness.  
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3.3.3.2 Data Source 

Primary data were constructed through N=14 semi-structured qualitative interviews 
with two groups. There were two types of interview. One targeted experts in AIs, 
either in industry or academia, or both. The other type targeted experienced users or 
consumers who regularly interact with AIs. Participants differed in gender, 
nationality, and experiences/actual services. The interviews were conducted via 
Teams or Zoom or in person between May and June 2021, lasting 20–70 minutes. 

3.3.3.3 Analysis 

The article applied a configurational theorizing approach, using scoping, linking, and 
naming techniques. Through abductive reasoning, the analysis combined insights 
from the literature and interview data to identify anthropomorphic features. It then 
constructed higher-order interactions and uncovered interrelated patterns 
explaining how these features lead to misplaced trustworthiness.  

3.3.4 Article III: A Mechanism-based Explanation Case Study to 
Understand the Risks of Harm of AI Systems 

3.3.4.1 Research Design 

This article employed a single mechanism-based explanation case study design, 
which can be seen as a new variant in case-based research. It engaged a case of risk 
of harm that emerged from AI anthropomorphism in the context of service tasks. 
However, the ‘case’ in this study is neither a firm nor a predetermined analytical 
frame, but rather the case that emerged from contextualized data during the analysis. 

3.3.4.2 Data Source 

This article used three sources of qualitative data: interviewing, review research, and 
archival media. It employed purposive sampling with a maximum variation strategy 
to construct information-rich insights into the given context (which focuses on 
service tasks), and to capture diversity in anthropomorphic reasoning and cues. The 
study conducted 14 semi-structured interviews with users and experts via Teams, 
Zoom, and face-to-face between May and June 2021, each lasting 20 to 70 minutes. 
Additionally, a review research dataset was constructed from empirical studies from 
several sources in early 2024. The dataset construed N=44 studies that contain only 
empirical elements, including peer-reviewed conference proceedings and academic 
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journals published in multiple disciplines. It provided insights into firm-specific 
actors, users, and experts from over 30 countries spanning from 2014 to 2024. 
Furthermore, the article constructed an archival media dataset to capture live 
experiences and public discourse surrounding AI anthropomorphism, harm, and 
well‑being. The study further included text-based records from various publicly 
available sources, and the dataset was completed in June 2026, including N=210 
records that consist of five categories: newspaper (122 articles), magazine (47 
articles), web-based news (14 sources), blogs (20 posts), and transcripts of podcasts 
(7 episodes). It provided insight into users and experts from over 15 countries 
spanning from 2005 to 2026. In addition to these three data sources, further 
exploration was made based on observations on online forums and documentaries, 
and consultation with document analysis, including system details and reports.  

3.3.4.3 Analysis 

This paper does not follow any established analytical templates or sequential 
multimethod analysis. Instead, it took a three-step approach to analyze all three data 
types simultaneously, using abductive reasoning in casing. The recursive three steps 
in casing include the identification of key entities of risk of harm under AI 
anthropomorphisms, the identification of key mechanisms and their immediate 
outcomes, and explaining via abstraction. It identified main anthropomorphic 
features across the datasets to explain the risks of harm under AI anthropomorphism. 

3.4 Quality Assessment 

Qualitative research can be done in many ways (see, Alvesson & Gabriel, 2013; Avital 
et al., 2017; Braun & Clarke, 2006; Bygstad et al., 2016; Furnari et al., 2021; 
Greckhamer et al., 2018; Köhler et al., 2026; Silverman, 1998; Welch et al., 2022, for 
some examples), along with its quality assessment (Bonache, 2021; Lincoln & Guba, 
1985; Miles et al., 2014). Existing methodological discourse cautions against 
proceduralism, arguing that there is no gold standard to assess (Braun & Clarke, 
2025), and also how not to judge the quality of qualitative research (Busetto et al., 
2020; Welch & Piekkari, 2017). However, this dissertation points to its quality 
assessment through reflexive openness and methodological congruence (Braun & 
Clarke, 2025; Welch & Piekkari, 2017).  Readers may interpret these actions through 
analytical view and actors view (Arbnor & Bjerke, 2009), which may relate them to 
rigor and credibility, respectively. 

Firstly, reflexive openness emphasizes transparency about the researcher’s actions 
(Braun & Clarke, 2025), including underlying theoretical assumptions, research 
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objectives, methods of producing evidence, analytical procedures, researcher 
positionality, and subjectivity (Arbnor & Bjerke, 2009). Quality assessment through 
reflexive openness differs somewhat from established standards used for qualitative 
research, whose ultimate assumptions are rooted either in interpretivism or 
positivism paradigms (e.g., Lincoln & Guba, 1985; Yin, 2014). In contrast, reflexivity-
based quality criteria are used in this dissertation, in which the assessment centers 
on the researcher’s conscious actions throughout the journey and ability to explain 
them. These abilities may need the researcher to reflect on the interactions in a given 
field, ultimate assumptions, theoretical preconceptions, disciplined imagination, and 
contextuality that influence interpretations and findings  (Köhler et al., 2026; Welch 
& Piekkari, 2017). This dissertation maintains reflexive openness by clearly outlining 
its paradigmatic stance, methodological view, operative methods, and context 
dependencies. This transparency shows how the researcher makes sense of and 
interprets data, information, and insights within the empirical reality of knowledge 
construction. It also acknowledges how one's own assumptions and scientific ideals 
may influence the research process, emphasizing issues of methodological 
congruence or integrity. 

Secondly, methodological congruence emphasizes integrity, and whether different 
elements of research fit together (Braun & Clarke, 2025). It mainly focuses on the 
alignment between underlying philosophical assumptions, the research questions, 
the research design, methods, the treatment of data, and so on. Assessing congruence 
involves knowingness as a researcher who strives to own his or her perspectives, 
both theoretical and personal. As articulated earlier, this research is built on a clearly 
articulated system-oriented paradigmatic reflection, enabling deliberation and 
thoughtful decision making. However, scholarly feedback and internal dialogue play 
a paramount role in maintaining integrity in research practice and reporting. Such a 
feedback loop occurred both formally and informally in this work, at the home 
university and beyond. The dissertation has been strengthened through ongoing 
discussions with co-author(s), colleagues, and senior researchers on its outputs (the 
summary dissertation and three articles). These conversations helped with 
conceptualization, refined emerging ideas, and improved clarity. It also enabled a 
coherence of the methodological and theoretical choices. However, the formal and 
institutionalized review process was also helpful, with peer review within the 
scientific community, specifically in IB and IS disciplines. Each output of this 
dissertation benefited from constructive criticism and scrutiny through journal 
review, conferences, doctoral colloquia, and research seminars. Feedback from 
reviewers, opponents, and participants was carefully assessed, and relevant feedback 
was sincerely incorporated to make informed revisions to the study design, theory, 
conceptualization, and ideation, reflecting on contextuality. These conscious and 
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deliberate actions enhanced the quality of this dissertation. However, like any 
scientific work, this dissertation has some limitations. 

3.5 Limitations 

The systems-oriented methodological view (Arbnor & Bjerke, 2009) posits that 
knowledge-seeking efforts are subject to continuous reflection, invocation, and 
development. There may always be inherent limitations in closing a particular 
scientific effort, and this dissertation is no exception. However, this sub-chapter 
focuses on limitations from a theoretical and methodological point of departure, 
highlighting each research output.  

Although the summary dissertation constructed a novel framework for globally 
responsive AI organizing based on diverse data sources and reflecting the doctoral 
journey, it has two limitations. First, there are limited primary insights directly drawn 
from firm-specific actors (e.g., managers) through interviews, whereas the 
constructed archival media dataset and review research provided a more nuanced 
understanding. There is also a lack of a clearly defined sample of managers 
responsible for managing AI across national borders, particularly in regard to 
development and deployment. Therefore, the dissertation would have benefited 
largely from having additional data from interviews with managers. A clear purposive 
sampling would be top and middle managers who are involved in the development 
and deployment of AIs across national borders. Managers would further be involved 
in either a large multinational or a small and medium-sized firm in the traditional 
sense. Alternatively, the size of the firm may be defined by an evaluation of its 
financial scale, usage, valuation, and organizational structure. Second, the summary 
dissertation brought one entirely new theoretical perspective from IB, namely, the 
loose coupling theory (Nambisan & Luo, 2021) that had not been utilized in any of the 
included articles. It was a necessary element to make sense of the whole (the 
summary dissertation), which is greater than the sum of its parts (Articles I-III). 
However, each article and the summary dissertation that make up the whole 
dissertation are aligned with a socio-technical systems view and its underlying facet 
of the AI frontier. For further development, the dissertation would have benefited 
greatly from building a more coherent theoretical integration by using the loose 
coupling in one of the included articles. Such inherited limitations invite readers to 
interpret the constructed framework as a proposed organizing logic, which is 
restricted by the theoretical and methodological issues noted above. 

Article I is intriguing for its theoretical framing of managing AI in international 
business activities, which is based on a socio-technical system perspective from IS. 
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However, the dissertation would have benefited if the article had integrated the 
assumptions of the new theory brought into the summary dissertation (the loose 
coupling system theory), and combined them. Additionally, adding a summary table 
of all of the reviewed articles would enhance the readability and the emerging 
insights in the current discourse.  

For Article II, current interview data provided a nuanced understanding of the 
developing issue of misplaced trustworthiness. Nevertheless, the article may have 
two limitations. Firstly, the sample size was relatively smaller, and the interviewees 
represented various countries and sociocultural contexts. Although the current data 
may provide diverse understandings of lived experiences and expert opinions across 
national borders, it may also limit coherence. Therefore, employing purposive 
sampling with a homogeneous approach (Patton, 2002), interviewing a specific AI-
related subgroup can yield detailed insights into a targeted subgroup. For example, 
participants may include users with different age groups and genders from the Nordic 
region who use only virtual AIs, powered by generative pre-trained transformer (e.g., 
large language models). This more focused user group, yet a larger sample size would 
have been beneficial for further development. Secondly, theoretical and empirical 
analyses do not explicitly deal with international dimensions such as the convergence 
of consumption across national borders. Of course, the phenomenon of developing 
misplaced trustworthiness is not necessarily confined to a specific national border. 
However, institutional differences (i.e., cultural expectations) may vary, which may 
shape tendencies in response to various levels of institutional features in AIs. An 
explicit focus on institutions in Article II would have benefited the wider dissertation.  

Article III theorized mechanisms of risk of harm under AI anthropomorphisms that 
provide a novel understanding by using different data, involving both primary and 
secondary sources. However, the article may have two limitations on the data.  First, 
the interviews were conducted in 2021, before the emergence of the widely popular 
AIs enabled by large language models. Accordingly, interviewing users with a larger 
sample size would have been beneficial for further development. Second, as part of 
the secondary sources, it constructed a dataset based on existing scholarly published 
empirical research and innovatively integrated insights into the analysis and 
reporting of findings. However, it is not an established approach. For future 
development, the article would benefit from isolating and treating them as part of the 
literature review for conceptualization, and reflecting them in the discussion chapter 
against the findings.  
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4 SUMMARY OF DISSERTATION ARTICLES 

4.1 Article I: Understanding AI Systems from a Socio-
technical Systems perspective 

Hasan, R., & Ojala, A. (2024). Managing artificial intelligence in international business: 
Toward a research agenda on sustainable production and consumption. Thunderbird 
International Business Review, 66(2), 151-170. 

Keywords: Artificial intelligence (AI), global sustainable development, international 
business, international expansion, sociotechnical theory 

4.1.1 Interesting Issues and Perspectives 

Article I aimed to construct characteristics of AIs to manage them in cross-border 
activities. It is an empirically informed conceptual study that embodies a socio-
technical systems perspective on the AI frontier. Even though research on AIs is not 
a recent phenomenon in IB, the article engages with whether contemporary AIs will 
enable or hinder responsible consumption and production worldwide. Engagement 
is aligned with the Fifth Industrial Revolution, which emphasizes advanced 
technologies (including AIs) to support human-centric sustainable development. The 
article is directly related to managerial actions within diverse institutional 
environments. It also implies a need for responsible development and deployment of 
AIs in international business activities. 

4.1.2 Conceptualization 

Existing international strategy discourse in IB timely points toward AIs at the 
intersection of global sustainable development. However, it provides only limited 
knowledge of AIs’ characteristics and how managers can leverage them in 
international business activities. Therefore, this knowledge gap is problematic for 
managing AI across borders that intersect with sustainable development. Without 
effective management strategies, policies, and institutions, there can be opposite, 
deleterious effects that hinder responsible consumption and production worldwide. 
In response, this article drew firm-level management perspectives that embraced a 
socio-technical systems view of the AI frontier, aiming to integrate social and 
economic goals. It employed a qualitative content analysis of published empirical 
research on AIs.  
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4.1.3 Key Findings 

The article constructed three characteristics of AIs to underpin their facets, namely 
autonomy, learning, and combinative (see Figure 8). First, autonomy relates to an 
increasing capacity to act without human intervention and behave without human 
knowledge. International managers deploy AI-driven automation to inform decision-
making and manage global value chains and international operations. However, AI-
driven autonomy also raises concerns about control problems in internationalization 
decision-making, the complexity of attributing responsibility and liability, and 
emerging international inequalities. 

 

Figure 8. Managing AIs’ characteristics in cross-border activities 
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Second, learning relates to machines' ability to inductively improve automatically 
through data and experience. Managers can use AI-driven learning in 
internationalization decision-making processes and to measure the performance of 
entry-mode choices. AI-based learning helps to develop managerial capabilities 
through gaining significant knowledge about distances and differences. However, 
firms' extensive use of AI-based learning across borders raises questions of potential 
privacy violations and algorithmic inscrutability in decision-making. Third, 
combinative involves a hybrid interaction between humans and machines. Managers 
utilize such characteristics to reconfigure resources and develop dynamic 
capabilities. Therefore, combinative enables bundling FSAs for social good, which 
facilitates scaling a solution across borders and international expansion of firms. 
However, AI-enabled FSAs also create tensions over firms' monopolistic competitive 
advantage. 

4.1.4 Contributions 

Article I contributed to the growing research on AIs in IB in two main ways. First, it 
constructed three characteristics of AIs and showed how managers can utilize those 
characteristics in international business activities. Second, it proposed some critical 
future research directions, aiming to guide IB research toward integrating economic 
and social goals to facilitate responsible production and consumption across global 
markets. 

4.2 Article II: Explaining the Dark Side of AI Systems  

Hasan, R., Ojala, A., Quach, S., Thaichon, P., & Weaven, S. (2025). The dark side of AI 
anthropomorphism: A case of misplaced trustworthiness in service provisions. 
Proceedings of the 58th Hawaii International Conference on System Sciences. 
https://hdl.handle.net/10125/109530 

Keywords: Artificial intelligence, service, anthropomorphism, misplaced 
trustworthiness, AI ethics 

4.1.5 Interesting Issues and Perspectives 

Article II focused on the dark side of AI anthropomorphism and problematizes 
trustworthiness. It is an empirical study that adopts a socio-technical systems 
perspective and employs a case study design. It explained a mechanism of AI 
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anthropomorphism that enables consumers to develop misplaced trustworthiness in 
AIs during service provision. 

4.1.6 Conceptualization 

AI anthropomorphism enables firms to facilitate favorable human-machine 
interaction. However, contemporary AIs that have been developed with 
anthropomorphic features have a dark side that negatively impacts service 
consumption and trustworthiness. Such concerns (mis)align with the AI Act, which is 
designed to mitigate risks. However, systematic investigations that intersect 
anthropomorphic features and misplaced trustworthiness are limited. This is 
worrisome, as managers may cause significant harm to users through deceptive 
practices and the exploitation of vulnerabilities. Against such a backdrop, this article 
took a user perspective and problematizes trustworthiness in consumption to protect 
user well-being. It employed a qualitative single contextualized explanation case 
study design. 

4.1.7 Key Findings 

 The article constructed a framework that explains the dark side of AI 
anthropomorphism in service provision. It theorizes that anthropomorphic features 
imbued in AIs enable users to develop misplaced trustworthiness. Anthropomorphic 
features broadly divide into two categories: physical (appearance, embodiment) and 
behavioral (interactivity, autonomy). These characteristics distort users’ perceptions 
and expectations, and create illusions of competence or empathy, thereby leading to 
misplaced trustworthiness. They enable misplaced cognitive and affective 
trustworthiness. However, misplaced trustworthiness is amplified by machine-
related deceptive techniques (hidden or superficial cues) and user-related 
vulnerabilities (age, limited cognitive capacity). These factors lead to a risk of harm 
such as privacy invasion, emotional dependency, and reduced autonomy.  

4.1.8 Contributions 

Article II made three significant contributions to IS. First, it constructs a framework 
to explain how machine- and user-related factors in anthropomorphic design 
features can develop misplaced trustworthiness. Second, it outlined practical 
implications for managers and policymakers to mitigate risks that align with the AI 
Act. Finally, it proposed pressing future research opportunities on the responsible 
development and deployment of AIs that emphasize transparency and institutions. 
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4.2 Article III: Explaining the Risks of Harm of AI 
Systems 

Hasan, R. (2026). Artificial intelligence and anthropomorphism: A case of risk of harm 
on the global stage. Unpublished manuscript. 

Keywords: Artificial intelligence, AI anthropomorphism, risk of harm, affordance, 
deception, manipulation, the AI Act 

4.2.1 Interesting Issues and Perspectives 

Article III engages with AI anthropomorphism and raises the question of whether it 
poses a risk of harm to users, and if so, how. It shows that computational 
advancement enables problematic consumption convergence patterns and urges the 
need for policies to protect users across borders. As an empirical study that builds on 
international strategy and information management discourse, it explains the 
mechanism by which the risk of harm emerges under AI anthropomorphism. 

4.2.2 Conceptualization 

AIs increasingly influence consumption patterns in service provision that exhibit 
humanlike characteristics, such as appearance or autonomy. Ingesting such 
anthropomorphic features enables successful human-AI interaction and serves as a 
source of competitiveness. However, AI anthropomorphism also leads users to 
misidentify the capabilities and limitations of AIs, thereby posing a risk of harm. Such 
risks align with the unacceptable risk of deception and manipulation in the 
transnational regulatory institution of the AI Act. Despite the inherited risk, managers 
are increasingly developing and deploying systems with anthropomorphic features. 
However, the current literature provides a limited understanding of AI 
anthropomorphism and its associated risks of harm. Such a vacuum is problematic as 
AIs are equipped with hidden capabilities, and rendered anthropomorphism are 
rising in the global marketplace. Therefore, research on AI anthropomorphism and 
the associated risk of harm is paramount to safeguard users' well-being. It employs a 
single mechanism-based explanation case study. 

4.2.3 Key Findings 

The article theorizes that irresponsible AI anthropomorphism poses a risk of harm 
through deception and manipulation. It constructed three facets of AI regarding 
anthropomorphism, namely (a) appearance, (b) interactivity, and (c) autonomy, to 
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explain the mechanism that leads to a risk of harm. These facets trigger user 
vulnerability through the affordances that they create. Accordingly, this article 
theorizes that the interplay between these facets and affordance leads to the risk of 
harm via deception and manipulation.  

4.2.4 Contributions 

Article III contributes to the existing conversation in two significant ways. First, it 
constructs key facets of AI regarding anthropomorphism and explains how they 
create risks of harm through deception and manipulation in information 
management discourse. Second, it suggests that consumption convergence enabled 
by AIs may generate systemic vulnerabilities for users, leading to harmful outcomes 
through anthropomorphism that may propagate across national borders. Besides 
contributing to theoretical conversations, this study has relevant managerial and 
regulatory implications. Overall, this article promotes AI-driven responsible 
production and consumption patterns to achieve global sustainable development. 
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5 DISCUSSION AND CONCLUSION 

This chapter presents the dissertation's knowledge contributions to theory, practice, 
regulations, and future research in the context of the common good. Within such a 
context, the explanations may be understood as a boundary spanning of managerial 
actions within firms involved in international business activities. Within firms, 
understandings are bound by external and internal boundaries. Externally, the 
explanations embody formal and informal institutions (i.e., culture, norms, 
regulations), and internally, they relate to internationalization activities. However, 
the explanations also embody the socio-technical nature of organizing, with a dual 
emphasis on economic reasoning and societal well-being, emphasizing managerial 
capabilities in systems and processual activities. By doing so, this chapter explains 
understandings of knowledge bases in relation to the central research question, 
thereby advancing the understanding of managing AI across borders.  

The chapter concludes its discussion by presenting four key knowledge bases. First, 
it explains a constructed system-oriented organizing framework for theoretical 
contributions.  The framework theorizes whole systemic mechanisms as a central 
outcome, which is framed as ongoing capabilities. Doing so makes a novel theoretical 
contribution in both IB and IS. Accordingly, this dissertation contributes to two 
classical streams of literature within these two disciplines. In IB, it contributes to 
strategic organizing literature in international strategy that focuses on worldwide 
effectiveness (Bartlett & Ghoshal, 1989; Birkinshaw, 2022; Nambisan & Luo, 2021). 
In IS, it contributes to the organization of technological artifacts in information 
management literature (Berente et al., 2021; Zheng & Jarvenpaa, 2021).  Second, the 
theoretical framework is action-oriented, and the necessary stewardship for its 
application underscores its managerial implications. Third, it explains an emerging 
accountability in regulations in international markets for regulatory implications. 
Finally, it concludes with opportunities for future research based on the constructed 
theoretical framework, with a core focus on the methodology of complementarity 
(Arbnor & Bjerke, 2009) and some topical illustration. The chapter closes with 
concluding remarks.  

5.1 Globally Responsive AI Organizing (GRAO): A 
Proposed Theoretical Framework 

The proposed theoretical framework may be best named as the Globally Responsive 
AI Organizing (GRAO), and is hereafter referred to as the GRAO framework. Grão, is a 
Portuguese word meaning 'seed’, and metaphorically it reflects deliberate, generative 
actions of planting an organizing seed in the hearts of human actors and in day-to-
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day operations, so that responsible practices and outcomes can grow over time to 
integrate economic reasoning with societal well-being. The framework uses systems 
language to explain processual activities to underpin ongoing managerial capabilities 
for responsiveness. The GRAO framework puts trusteeship covenants at the heart of 
managerial actions, embedded as a socio-technical core to constitute how AIs are 
developed and deployed for scaling in internationalization activities. In its theorizing, 
responsibility is seen as a core of organizing activities rather than an external 
governance tool or an abstract managerial value. For responsiveness across borders, 
the theorization proposes three interrelated covenants that intentionally prioritize 
proactiveness in (a) addressing institutions, (b) blocking harmful means, and (c) 
ensuring accountability. Managers may want to utilize them for governing AIs in 
international business activities, and can conceive them collectively as a shared value 
that institutes proactive commitments to embed moral, regulatory, and societal 
considerations directly into the development and deployment of AIs. 

Trusteeship covenants are inseparable from organizing the evolving and interrelated 
four facets of AI—(1) autonomy, (2) learning, (3) interactivity, and (4) appearance. 
They may serve as a central mainframe for capacity building to organize facets of AI 
and enact responsible practices for configuring FSAs. However, facets of AI are 
shaped not only by technical optimization, but also by values related to transparency, 
human vulnerability, and oversight. As these facets of AI evolve, trusteeship may thus 
become the purpose of reflection through system behavior and human–AI 
interaction. Instituting trusteeship to organize facets positively influences the 
growing scope of affordances, enabled by users' actions. However, facets of AI are 
influenced by how users interact with and perceive systems. This feedback loop of 
affordances enhances AIs through interaction and relationships. In turn, human-AI 
interaction provides further data for learning that is transmitted into a firm's 
dynamic economic resources. Therefore, the responsiveness of AIs may require 
addressing institutional differences, blocking any means that pose a risk of harm, and 
embedding accountability. Any FSAs that involve facets of AI, such as interactivity or 
appearance, are emergent and socio-technical by nature. Managerial actions thus 
involve constant efforts to mitigate risks of harm through anthropomorphization. 
Actions also require mitigating potential regulatory and reputational risks.  
Affordance expands through consumption, as users engage with AIs and interpret 
their trustworthiness and satisfaction, underpinning their wellbeing.  In turn, it also 
affects the performance of facets modulated into the responsiveness of AIs.  

The GRAO framework proposes responsiveness across borders as an ongoing 
managerial capability, and as part of the processual outcome to underpin FSAs. It 
reflects managerial ability to translate embedded trusteeship across diverse 
institutional (e.g., cultural and regulatory) environments, while sustaining calibrated 
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trustworthiness, user well-being, competitiveness, and rapid regulatory responses. 
This capability, in turn, positions managers of internationalizing firms at the forefront 
of competitiveness, baking trustworthiness into their AI-enabled service systems. By 
proactively taking accountability for misconduct or unintended harm, managers can 
adjust systems, procedures, and protocols to mitigate the risk of harm. Consequently, 
this ensures users' well-being and satisfaction, and also strengthens regulatory 
compliance and enables swift adaptation, underpinning resilience of FSAs. It further 
enables the system to respond to changes or shocks in market-based regulatory 
institutions, geopolitics, pandemics, or adversity. 

After briefly introducing the GRAO framework, this sub-chapter now turns to detailed 
explanations through three parts. The first part presents a typology of facets of AI. 
These facets are distinguished by the scope of their affordances and performance, 
including autonomy, learning, interactivity, and appearance. The second part 
introduces the mainframe of organizing. It brings trusteeship as a shared value to 
govern these facets and achieve cross‑border responsiveness. The mainframe 
consists of three interrelated trusteeship covenants that intentionally emphasize 
proactiveness in addressing institutions, blocking harmful means, and ensuring 
accountability. Finally, the framework offers a practice‑oriented explanation of 
stewardship, highlighting its managerial and regulatory implications. In particular, it 
proposes how to possibly operationalize the GRAO framework in practice.  

5.2 A Typology of Evolving Facets of AI into Cross-
border Activities 

One of the central theses of the GRAO framework is that contemporary AIs have 
foundational properties or capabilities that are ever-changing in international 
environments. These properties can be modulated into AIs in either physical or 
digital environments that may provide a source of FSAs. Such system properties 
underscore particular facets of AI. Contemporary AIs may have distinct facets in a 
given context (Berente et al., 2021; Hutzschenreuter & Lämmermann, 2025; 
Stelmaszak et al., 2025). However, the GRAO framework proposes four facets of 
contemporary AIs: (1) autonomy, (2) learning, (3) interactivity, and (4) appearance, 
in order to provide its foundational understandings. The constructed facets of AI, 
namely autonomy, learning, interactivity, and appearance, may be system-agnostic 
and not necessarily bound to any forms of AIs (see Figure 9). 
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Figure 9. Evolving facets of AI modulated into its contemporary representations  

5.2.1 Autonomy 

Contemporary AIs pose an autonomy facet, which delineates their increasing capacity 
to act without human intervention and behave without human knowledge (Berente 
et al., 2021). Unlike past information technology artifacts powered by rule-based 
automation that required humans to explicitly codify and program tasks, AIs are 
based on machine learning that learns from data. Managers can oversee the 
development of AIs in a way that enables them to reprogram themselves 
automatically. This self-development aspect allows AIs to automate routine tasks 
across borders. Such a facet of autonomy is also related to perceptions of autonomy 
(perceived autonomy) among human users, driven by the presence of 
anthropomorphic cues (Gray et al., 2007). Recent IB studies suggest that such 
autonomous capabilities can be expanded across borders by feeding fine-grained 
data from diverse national contexts (Autio et al., 2021; Ciulli & Kolk, 2023). For 
example, deploying AI-enabled machine translation enables the reconfiguration of 
FSAs to automatically reduce institutional distance (i.e., language) in foreign markets, 
thereby facilitating international expansion (Brynjolfsson et al., 2019). The autonomy 
facet may allow managers to utilize autonomous machine intelligence to complement 
human decision-making and knowledge transfer across borders (Grant & Phene, 
2022). With such proliferation in multinational settings, autonomy may further 
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enable FSAs through less monitoring and coordination, thereby reducing transaction 
costs. Thus, the autonomy facet may become the frontier of transaction-based FSAs. 

5.2.2 Learning 

The facet of learning has been one of the central concepts of AIs from inception 
(Turing, 1950). Learning refers to machines' “ability to inductively improve 
automatically through data and experience” (Berente et al., 2021, p. 1437). Machines 
can learn to recognize patterns through supervised or unsupervised learning 
techniques, and other large-scale advanced computational methods such as deep or 
reinforcement learning and neural networks. For instance, the neural network model 
is inspired by the human brain, with extensive interconnected units as neurons that 
form a vast network to recognize complex patterns. IB literature explains that 
automatic self-learning mechanisms are modeled using many computational 
elements that function in parallel and are arranged in layers (Veiga et al., 2000). 
However, deploying AI with self-learning capabilities offers excellent learning 
opportunities for managers during their internationalization process (Huo & 
Chaudhry, 2021). This learning facet enabled by machines may aid managerial 
learning in cross-border activities. Such learning is paramount for contemporary 
FSAs, as reflected in existing IB theories (Luostarinen, 1994; Vahlne & Johanson, 
2017), and accordingly, the learning facet may thus become the frontier of asset-
based FSAs. 

5.2.3 Interactivity 

With advances in autonomy and learning, temporary AIs are increasingly being 
deployed to render humanlike interaction, delineating interactivity as an emerging 
facet. Interactivity is a multidimensional aspect understood as a two-way process 
involving reciprocity, information exchange, and real-time synchronicity (Burgoon et 
al., 2000; Schleidgen et al., 2023). With recent advances in large language models 
enabled by generative pre-trained transformer, managers are delegating AIs to 
communicate naturally with users. For instance, users may interact with AIs by giving 
instructions (gesturing, typing, voice), entering dialogs (conversation style), or 
responding to an AI-initiated interaction. In turn, this interactivity relates to 
communication or conversational style, language, and voice. Managers may turn AIs 
into a relationship-building tool in internationalization activities. While research on 
interactivity facets of AI in IB activities is limited, deploying AIs with interactivity is 
growing in practice (Claypool, 2023; Delouya, 2023). However, relevant insights 
suggest that such a facet of AI influences users' decision-making and perceptions 
across various country-specific settings (Brendel et al., 2023; Nakanishi et al., 2019; 
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Zhou et al., 2022). The interactivity facet may thus become the frontier of 
relationship-based FSAs. 

5.2.4 Appearance 

As interactive artifacts, contemporary AIs can render actual or imagined 
morphological forms in both physical and digital environments. The concept of 
appearance as a facet emerged from the uncanny valley phenomenon (Mori et al., 
2012). Nevertheless, it comprises visual, auditory, and behavioral cues that make AIs 
familiar to living beings, including issues of gender and race. Deployed contemporary 
AIs may resemble or show no resemblance to humans. For example, AIs with a given 
face, form, and body in terms of visual perspective (mechanical, humanoid, and 
android) represent low, medium, and high levels of human-like appearance, 
respectively. However, appearance may also relate to auditory cues such as a 
feminine voice, and behavioral cues such as an authoritative tone, which may give an 
impression of a specific gender and neutrality. In turn, appearance facilitates human-
AI interaction to develop relationships with users under AI anthropomorphism. 
Although research on AIs’ appearance in IB is rare, existing insights indicate high local 
sensitivity in user responses (Złotowski et al., 2020). Hence, with facial structure and 
skin color as geographical dispersal stimuli, AIs can be developed to give the 
impression of a resemblance to Nordic, East Asian, South Asian, or Middle Eastern 
countries, for example. Accordingly, the appearance facet may also become the 
frontier of relationship-based FSAs. 

To summarize, the autonomy facet implies increasing capabilities to act 
independently. AIs make autonomous decisions without human intervention or even 
without human knowledge. The learning facet denotes the ability to learn inductively 
from data. The interactivity facet delineates a two-way process interaction, involving 
reciprocity, information exchange, and real-time synchronicity. The appearance facet 
implies actual or imagined morphological forms comprise visual, auditory, and 
behavioral cues that make AIs seemingly familiar to living beings, including aspects 
of gender and race. Collectively, they represent ongoing managerial efforts to expand 
AI scope and performance, highlighting fundamental properties or capabilities of 
contemporary AIs. Managers may utilize these facets through recombinants that may 
include asset-based, transaction-based, or relationship-based FSAs. At the 
intersection of these facets, AIs are intentionally developed and deployed to emulate 
human capabilities (the ability to act humanely), including decision-making. 
Therefore, these facets of AI may become a core competency and facilitate FSAs in 
internationalization activities. These insights introduce the first tenet of the GRAO 
framework and its subsequent proposition: 
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Proposed tenet 1 (Facets across contemporary AI) Evolving facets of AI can be 
system-agnostic and not 
necessarily bound to a 
specific contemporary form, 
including robotic, virtual, 
embedded, and algorithmic 
representations.  

Proposition 1 Facets of AI represent fundamental properties that can be modulated 
in contemporary AI depending on intended development and 
deployment purposes in international business activities. 

5.2.5 The Interplay of Scope of Affordances and Performance of AI 
Across Facets 

With these facets, contemporary AIs create ever-expanding opportunities for actions, 
enabling managers to enhance their information technology-oriented knowledge 
bundles over time. The GRAO framework proposes to distinguish them based on the 
scope of their affordances and the performance of AIs (see Figure 10). Scope of 
affordance refers to the range of possible actions that become available through AIs 
upon deployment. It is emergent and related to what users can do with AIs, given its 
underlying facets. Scope of affordance emerges directly from given underlying facets 
embedded into systems. These facets may influence how users perceive, engage with, 
and rely on systems, leading to an increased scope of affordance. However, the 
growth can be known or unpredictable due to given anthropomorphic properties. AIs 
can be differentiated based on their technological properties to determine whether 
they render anthropomorphism. Whereas AIs are designed with minimal 
anthropomorphic properties to provide their internal capabilities, relatively higher 
anthropomorphic properties are used to facilitate user interaction.  

The deployment of contemporary AIs in the global marketplace creates a range of 
anticipated affordances spanning cognitive-analytical to emotional-social tasks, as 
well as mechanical-practical tasks (Wirtz et al., 2018; Zheng & Jarvenpaa, 2021). 
Cognitive-analytical task affordance involves information processing and decision 
support, where AIs can serve as a safety component or enabler for service task 
functions (e.g., autonomous driving capabilities and information validation). 
Emotional-social task affordance involves the use of AIs to address social and 
relational aspects of a service (e.g., caregiving, emotional support). Mechanical-
practical tasks involve using AIs to address routine-based, practical tasks (e.g., 
cleaning the floor, exchanging pre-defined information). However, the scope can go 
far beyond what managers may have initially intended during development and even 

86 Acta Wasaensia



 

during deployment. Since the possibility of performing tasks is also dependent on the 
users, in addition to the given technological properties, and whether they have a 
minimal or strong anthropomorphic presence. In contrast (yet related), performance 
refers to how effectively AIs are developed, integrated, restricted, and enhanced, with 
underlying evolving facets of AI. AIs may be sources of FSAs that include a firm’s 
technical assets (e.g., proprietary training data, domain‑specific model architectures), 
managerial routines (e.g., governance structures), and relational capabilities (e.g., 
user trust-building, cultural adaptation). In many cases, AIs themselves (such as 
Grammarly’s adaptive writing assistant or Volvo’s Pilot Assist) are an FSA because 
they embed the firm’s accumulated managerial knowledge and technological 
sophistication. However, there is a reciprocal, evolving feedback loop between the 
scope of affordances and the performance of AIs. 

 

Figure 10. Organizing facets of AI on the global stage 

As managers are responsible for enhancing facets (for instance, refining learning 
algorithms or improving interactivity), new affordances may emerge for users upon 
deployment. These user interactions, in turn, generate data, insights, and behavioral 
patterns that feed back into AIs and inform managerial decisions, thereby 
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strengthening or weakening performance. However, this interplay is dynamic and 
sometimes unpredictable. Affordances may evolve in unintended directions, 
amplified by boundaries of confined institutional contexts (i.e., culture) or user 
expectations. Positive patterns of interaction can improve calibrated 
trustworthiness, expand adoption, and reinforce ongoing managerial capabilities for 
competitiveness. Conversely, dark patterns of interaction, such as an over‑reliance on 
autonomous features, deceptive signaling via humanlike appearance, or biased 
learning feedback, may degrade user well‑being. In turn, the scope of affordances 
negatively impacts the performance of AIs that may trigger misplaced 
trustworthiness and expose firms to reputational or regulatory risks. The interplay 
between the growing scope of affordances and performance of AIs is thus both a 
driver of innovation and a potential source of risk. The GRAO framework proposes 
that managers deliberately shape these four facets of AI to expand desirable 
affordances, while blocking harmful ones, and so ensure that the evolution of systems 
aligns with user well‑being, cultural expectations, and regulatory norms. Therefore, 
managing the aforementioned four facets of AI for responsiveness across borders is 
a constant process of emergence and performance. These insights propose the second 
tenet of the GRAO framework and following proposition:  

Proposed tenet 2 (Underlying facets for organizing) Enabled by underlying facets, 
namely autonomy, learning, 
interactivity, and appearance, 
AI may become a source of 
firm-specific advantages. 
When facets of AI perform in 
conjunction with the scope of 
affordances, they may both 
drive competencies and pose 
risks for responsiveness 
across borders. 

Proposition 2 Facets at the interplay of the performance of AI and scope of 
affordances may positively influence responsiveness or change it 
through posing risk for competitiveness and regulatory response, as 
well as for trustworthiness and user well-being. 
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5.3 Instituting Trusteeship Covenants for 
Responsiveness Across Borders 

Trusteeship covenants enable the management of forehead dynamics on facets that 
may enable the responsiveness of AIs across borders, underpinning ongoing 
competencies. The GRAO framework proposes three mutual covenants as its central 
mainframe (see Figure 11). The trusteeship mainframe may serve as a cognitive 
institution (organizing logic within management culture) to enact facets of AI, 
transmitted into FSAs with an understanding of shared rituals, norms, and routines. 
Such shared values may be necessary to make contemporary AIs responsive in cross-
border activities. They may serve as a glue of responsibilities for managerial actions 
as responsiveness relates to the ever-expanding scope of affordances and 
performance of AIs. They may enable regulators to promote coherent policies and 
actions to enact responsiveness of AIs as sources of FSAs. However, they may also 
serve as a guardrail even amid potential uncertainty such as geopolitical tensions and 
conflicts.

 

Figure 11. The processual perspective of the GRAO framework 
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Circumstances of uncertainty of managerial actions may arise from causal 
indeterminacy (e.g., bounded rationality). They may also emerge from internal or 
external fragmentation due to the evolving nature of facets of AIs, regulation, 
regionalization, and nationalization. Collectively, trusteeship covenants may institute 
AIs as a loosely coupled socio-technical system through coordinated actions to open, 
close, or separate systems that ensure responsiveness. Therefore, they share an 
underlying assumption of intentionality to shape a management processual activity 
across two theoretical lenses, namely I-R theory and LCT.  However, such a globally 
responsive approach is distinct and may ensure social well-being that goes beyond 
legal compliance and economies of scale. Consequently, the trusteeship organizing 
perspective requires constant reflection on managerial actions to organize each facet 
of AI (see Table 7 for illustrative reflections). The sub-chapter now explains three 
core covenants as action mechanisms to develop and deploy AIs across borders while 
remaining responsive. 

Table 7. Illustrative reflections of trusteeship covenants to organize facets 

Facets  
of AI 
systems 

Covenant 1:  
Addressing  
institutions 

Covenant 2:  
Blocking  
harmful means 

Covenant 3:  
Ensuring  
accountability 

Autonomy Embed institutional 
awareness (e.g., legal, 
culture) across counties 
to guide decision-making 
boundaries and swift 
regulatory responses. 

Assess the performance of 
autonomous FSAs 
(machine behavior 
outcomes) across 
borders to ensure 
alignment with diverse 
institutional 
expectations. 

Prioritize human agency, 
fairness, and dignity. 

Provide user control 
options via override 
options, layered content, 
and an emergency stop, 
tailored to diverse 
expectations and 
sensitivities. 

Integrate traceability 
modules, decision logics, 
logs, and options with 
decision reversibility. 

Use real-time monitoring 
and an incident 
response mechanism 
with human-in-the-loop 
oversights. 

Learning Integrate institutional 
constraints into learning, 
including data type 
limitations, dynamic 
consent, and the global 
representation of diverse 
institutions in the 
training dataset.  

Enable adaptation for local 
sensitivity, including 
locally run models, 
region-specific data-
handling protocols, and 
adaptive learning 
boundaries. 

Prevent bias and 
discrimination when 
learning occurs across 
markets, and safeguard 
data and physical 
privacy. 

Employ localized federated 
learning and continuous 
monitoring outcomes to 
detect and correct 
violations of human 
values (e.g., 
discriminatory patterns). 

Ensure auditability of model 
updates and decision 
evolution through 
versioning, explainable 
learning paths, and 
human oversight. 

Assign clear accountability 
roles within firms for 
learning outcomes with 
evolving autonomy. 

Interactivity Assess how users across 
different institutional 
contexts perceive and 
respond to 

Respect user dignity, 
emotional safety, and 
cognitive limitations to 
ensure calibrated trust 

Ensure clarity in interaction 
boundaries through 
disclaimers or visual 
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Facets  
of AI 
systems 

Covenant 1:  
Addressing  
institutions 

Covenant 2:  
Blocking  
harmful means 

Covenant 3:  
Ensuring  
accountability 

anthropomorphic cues 
(e.g., body language and 
facial expressions). 

Localize the degree of 
anthropomorphic 
features (e.g., tone of 
voice, gestures) in the 
user interface to align 
with regional norms.  

that does not mislead 
users or distort behavior.  

Monitor interactions to 
prevent deception, 
manipulation, or 
dependencies, especially 
among vulnerable 
groups, and provide an 
opt-out option. 

cues to signal non-
human nature. 

Assign responsibility when 
anthropomorphic 
reasoning is used, 
especially when 
influencing trust or 
decision-making 
behavior. 

Appearance Evaluate features such as 
facial traits, gestures, and 
clothing to align with 
institutional norms 
across regions. 

Localize if needed to avoid 
expectation mismatch 
and misinterpretation. 

Avoid deceptive signaling of 
the presence or absence 
of internal capabilities. 

Monitor for deception or 
discomfort. 

Clarify design intentions to 
prevent user 
misinterpretation. 

Collect feedback on 
negative effects and 
misplaced trust, and 
conduct cross-cultural 
sensitivity audits to 
identify needed 
adaptations. 

5.3.1 Addressing Institutions 

Addressing institutions refers to the proactive alignment of facets of AI with diverse 
institutional settings across international markets. Diversity in institutions can be 
both normative (such as norms, values, and expectations) and cognitive (such as 
shared understanding, culture, and decision-making logics). Managers may want to 
oversee the development of AIs to reflect the plurality of values, beliefs, religions, and 
traditions across regions. They may also want to ensure that deployment respects 
that cultural sensitivity is essential for how users interact, communicate, and 
interpret contemporary AIs. For instance, anthropomorphic features for the 
interactivity facet, such as language and interaction styles, are designed in a way that 
is culturally appropriate, so as to avoid offense and cause harm. By addressing 
institutions by default, organizing may emphasize that facets of AI are developed and 
deployed to reflect local expectations, and ensure institutional embeddedness in 
service systems across dispersed stimuli and geographic areas. It may also enable 
managerial competency to align facets of AI to enable adaptabilities with given 
institutions, thereby addressing external fragmentation in internationalization 
activities. Being locally responsive yet globally responsible when addressing 
institutions serves as a baseline for facets in FSAs, thereby enhancing their 
competitiveness. However, addressing regulatory institutions is also paramount. 

Human actors (e.g., managers) are entrusted with developing and deploying AIs in 
accordance with existing and emerging local regulations (e.g., the AI Act). Globally 
responsive organizing requires deliberate looseness in design to adapt to regulatory 
frameworks across jurisdictions. Managers would avoid a one-size-fits-all approach, 
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and instead allow flexibility in facets of AI within deployed institutional settings to 
ensure responsiveness. Put simply, managers would isolate targeted facets for 
deployment and make necessary modifications to adapt swiftly to evolving 
regulations. Such flexibility in deployment results in internationalizing firms' 
regulatory responses. These reflections offer the following tenet and propositions: 

Proposed tenet 3 (Addressing institutions) Enacting to address institutions 
globally by default into the 
development of facets may enable 
responsiveness across borders in 
deployment, with continuous 
interaction between the scope of 
affordances and performance of 
AI. 

Proposition 3 Addressing institutions may positively interact with the performance 
of AI, leading to responsiveness to market-specific sensitivities. The 
interaction may further intensify through (a) institutional alignment 
of facets (e.g., culturally appropriate appearance) and (b) scope of 
affordances delegated in a given market (e.g., socio-emotional tasks). 

Proposition 4 Addressing institutions may enable responsiveness for remaining 
competitive amid rapid international regulatory responses. This 
relationship may be further enacted through facets (e.g., learning) as 
loose systems (e.g., separateness) to configure firm-specific 
advantages, particularly for heterogeneous (tighter vs weaker) 
regulated markets (e.g., data privacy laws). 

5.3.2 Blocking Harmful Means 

Blocking harmful means refers to the proactive prevention of harm by identifying and 
restricting affordances and facets that could compromise human values, exploit user 
vulnerabilities, or undermine human rationality. Such a compromise could lead to 
harmful outcomes, whether intentional or non-intentional. Means may arise from 
intentionally provided technical properties in facets of AI to configure products or 
services. Means may also arise due to the user's egocentric biases, cognitive load, 
tendency to anthropomorphize AIs, or to unpredictable affordances. Blocking any 
harmful means requires constant reflection, reckoning, and anticipating possible 
risks of harm. Hence, measures may need to be extended to uphold human values 
such as dignity, privacy, fairness, and human autonomy. Users may also be 
emotionally, cognitively, or socially vulnerable in their interactions with and in their 
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anthropomorphization of AIs. Managerial anticipation of how anthropomorphic or 
persuasive features in AIs might invite misplaced trustworthiness, emotional 
dependency, or exploitation is critical.  Facets of AI modulated into contemporary 
forms (e.g., virtual) may enable deception and manipulation to inflict harm, such as 
bias amplification, continuous surveillance, and violations of data and physical 
privacy. Hence, the development and deployment of AIs that provide FSAs may need 
to be arranged so that harmful affordances do not arise as indirect means that result 
in harmful ends. In some cases, restricting the performance of AIs through adjusting 
facets to block their harmful affordance may be needed to neutralize risks of harm. 
Furthermore, AIs deployment may also need to preserve human rationality. 

Deployed facets of AI cannot distort users' abilities to make informed and rational 
choices, and would prevent the use of nudging, framing, or deceptive signaling.  
Accordingly, blocking harmful means also includes adaptive controls over facets to 
prevent harm across contexts and user groups. However, this covenant has strategic 
outcomes. By proactively identifying and restricting affordance and facets in FSAs 
that could enable harm, managers demonstrate a commitment to ethical integrity. 
Such integrity includes upholding human values and avoiding exploitative practices 
that facilitates calibrated trustworthiness across borders, thereby deployment  
becomes responsive. However, blocking harmful means also directly contributes to 
user psychological safety by protecting vulnerability and rationality, which in turn 
leads to user well-being.  Such a processual perspective of organizing AIs offers the 
following tenet and propositions: 

Proposed tenet 4 (Blocking harmful means) Enacting to proactively block harmful 
means in the development and 
deployment of facets to configure 
firm‑specific advantages may support 
responsiveness across borders, with 
continuous interaction between the 
scope of affordances and 
performance of AI. 

Proposition 5 Blocking harmful means in facets of AI may reduce the emergence of 
harmful affordances that increase user psychological safety and 
preserve human rationality (e.g., guardrails against manipulation in 
interactivity, disclosure cues in autonomy), thereby achieving 
responsiveness for improving user well-being and calibrated 
trustworthiness across markets. This relationship may intensify when 
anthropomorphic features are high, and users are more prone to 
develop misplaced trustworthiness in a given market. 
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Proposition 6 Blocking harmful means in facets of AI may enable cross-border 
responsiveness for swift regulatory responses and competitiveness. 
This relationship may intensify when employing adaptive harm-
control mechanisms in place in facets to configure firm-specific 
advantages, allowing the swift neutralization of risky affordances 
without compromising performance. 

5.3.3 Ensuring Accountability 

Ensuring accountability involves proactive arrangements to attribute responsibility 
throughout the lifecycle of contemporary AIs, necessitating continuous monitoring 
and adaptive intervention. It may emphasize human centrism for actions and 
arrangements that underpin the logic of how one organizes things, acts, and holds 
oneself accountable. It may also resonate with technology-related means-end 
rationality, which explores how actors inflict harm and jeopardize well-being, 
considering both intentional and non-intentional consequences. Therefore, facet-
specific transparency may ensure truthfulness, enabling users to understand a 
system’s boundaries, internal capabilities, and limitations. However, managers would 
pursue compliance beyond existing regulations and standards, as facets of AI are 
dynamic and may yield harmful outcomes that deviate from originally intended 
usages. Additionally, human oversight is required to ensure accountability through 
continuous monitoring of the performance of AIs. Managers are responsible for 
shaping contemporary AIs as much as they shape usage through the growing scope 
of affordances. Hence, they might be responsible for any negative consequences as 
well as positive ones. However, contemporary AIs are characterized by their 
emergent nature, and so too are their facets. It is somewhat challenging to predict or 
control such loosely coupled evolving systems. Consequently, managing AIs across 
borders requires ongoing, deliberate development efforts to address emergent 
negative issues that arise during deployment from diverse institutions. Here, 
managers would create a human-in-the-loop protocol with clear responsibility 
assignments should any harmful events or circumstances occur. These efforts may 
result in responsiveness across borders while balancing regulatory response and 
trustworthiness in international markets. Such a responsible perspective on 
organizing AIs offers the following tenet and propositions: 

Proposed tenet 5 (Ensuring accountability) Enacting to ensure accountability by 
default in the development and 
deployment of facets of AI, where 
transparency, compliance, and 
human oversight enact traceable 
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actions and correction of emergent 
harms may lead to responsiveness 
across borders, necessitating 
continuous monitoring and adaptive 
intervention. 

Proposition 7 Ensuring accountability through transparency relevant to facets (e.g., 
disclosing system capabilities and limitations in autonomy) may 
reduce the emergence of harmful affordances, in turn achieving 
responsiveness for calibrated trustworthiness and regulatory 
response across borders. This relationship may intensify when 
proactive arrangements extend beyond compliance, necessitating 
continuous monitoring and adaptive intervention. 

Proposition 8 Ensuring accountability through human oversight with clearly 
assigned responsibility may improve detection and correction of 
emergent risks of harm in affordances, in turn, achieving 
responsiveness for competitiveness and user wellbeing across 
borders. This relationship may intensify when the performance of 
AI exhibits a higher level of emergence and unpredictability due to 
the presence of particular facets like learning, necessitating 
continuous monitoring and adaptive intervention. 

5.4 Implications for Managers with Different Strategic 
Stewardships 

5.4.1 Possible Implementation of the GRAO framework 

Implementing the GRAO framework may be achieved through a digital tower 
operating model, similar to digital tower systems for managing multiple airports 
from a central workstation. A digital tower could be a globally integrated workspace 
(both physical and remote), in which managing the scope, emergence, and 
performance of multiple AIs happens simultaneously. It may comprise dedicated, 
cross-functional teams that work together for responsiveness in a fast-moving 
environment. In this way, relevant human employees are grouped to perform specific 
tasks, utilizing reusable tools and repeatable processes. Teams are small and may 
typically consist of five to nine people, working closely with business units that may 
function as a start-up accelerator. Each team is dedicated full-time to developing and 
deploying AIs for the given purpose or business unit. Managing these teams would be 
mission-specific with clear goals, and the working autonomy is governed by a central 
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steering center that comprises middle management. This center may function as a 
stewardship to facilitate development and deployment with training, oversight, 
expertise, and guidance. Finally, an operating committee, consisting of members of 
top management (executives), sets the mission for each team, reviews progress, 
secures and allocates the budget, and removes barriers. The operating committee 
would enact shared trusteeship and strategic vision in close collaboration with 
middle managers serving in the central steering center. Alternatively, 
implementation may also follow other operating models suitable for firms’ structural 
settings. 

Drawing on the GRAO framework, top managers of the operating committee and 
middle managers of the steering center collectively may want to enact four strategic 
stewardships for AIs, as illustrated in Figure 12. They may enable trusteeship 
organizing through simultaneously (i) delegating the scope affordances to users, (ii) 
configuring firm‑specific assets, (iii) governing for competitiveness, and (iv) protecting 
the common good. These stewardships may offer strategic benefits for both internal 
and external governance, which is considered interrelated rather than seen in 
isolation. Managers would utilize trusteeship covenants at the core (as shared value 
or cognitive institutions), and evolving facets of AI are necessary components of a 
system that links strategic stewardships. In turn, such processual activities may lead 
to achieving responsiveness across borders. Depending on the institutional settings 
of internationalization activities, they may reconfigure relevant rolling benefits from 
each stewardship and recombine them as needed.  

5.4.2 Delegating Scope of Affordances 

Foremost, managers may want to delegate affordances to contemporary AIs during 
development, and constantly adapt them upon deployment. Delegating the scope of 
affordances is about designing boundaries alongside capabilities for possible user 
actions for responsiveness. This strategic stewardship is about deciding what users 
can and cannot do with AIs during adoption. Managers would constantly be reckoning 
with possible intended or unintended user actions, given AI's inherent technical 
properties (e.g., appearance and learning). Managers would delegate which tasks 
(e.g., cognitive vs. mechanical vs. emotional) their deployable AIs enable. For 
simplicity, managers can think of cognitive-analytical (e.g., decision support), socio-
emotional (e.g., relationship development), and mechanical-practical (e.g., 
automating floor cleaning) affordances.  
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Figure 12. The globally responsive AI organizing (GRAO) framework 
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Delegating cognitive-analytical affordances relates to reasoning, analysis, or pattern 
detection, whereas socio-emotional affordances relate to human-like social or 
emotional interaction (e.g., simulated empathy). Additionally, mechanical-practical 
affordances relate to physical or routine practical tasks (e.g., vacuum cleaning). 
Hence, managers would delegate the scope of affordances by intentionally providing 
capabilities for specific tasks or functions that users can achieve through their 
actions. These achieved tasks or functions can be either partially or fully predicated. 
However, they can also be unanticipated, leading to unintended affordances and 
unforeseen risks of harm or outcomes. Therefore, managers would take preventive 
measures in their actions that may have direct consequences for firms across 
institutions, including those which are cultural and regulatory. Similarly, direct 
consequences for users include satisfaction, well-being, daily life, and even death. In 
turn, this affects managers by way of rewards, penalties, job loss, and legal action. 
Therefore, the strategic stewardship of delegating the scope of affordances is 
paramount for trusteeship organizing to enable responsiveness across markets. 
However, delegating affordances responsibly is inseparable from firm-specific 
advantages. 

5.4.3 Configuring Firm-specific Advantages 

In line with delegating affordances, managers may want to focus on a recombinant 
perspective of assets, transactions, and relationships of AIs in development and 
deployment. In turn, they may configure firm-specific advantages (FSAs) through 
achieving responsiveness across borders. Configuring FSAs for AIs through 
recombinant perspectives may involve organizing knowledge bundles of firms that 
provide a competitive advantage. They would utilize trusteeship covenants at the 
core of processual activities for developing a competitive advantage, accompanied by 
evolving facets of AI. They would address institutions, block harmful means, and 
ensure accountability globally by default. These covenants organize evolving facets 
of AIs (autonomy, learning, interactivity, and appearance), which are socio-technical 
and situated between their actions in processual activities and outcomes. Managers 
may want to take them as a shared cognitive logic across working units to govern how 
facets of AI are developed and deployed, including embedding them into products 
and services. In practice, facets of AI as modules can be intentionally modified or 
adapted to improve responsiveness against the aforementioned emerging 
affordances. Additionally, they can be distinctly reconfigured and combined with 
other modules (facets) to configure AIs that are part of FSAs. Contemporary AIs can 
be developed and deployed to combine two or more facets as modules and enable 
coupling while maintaining a degree of interdependence. Simultaneously, they can 
achieve looseness by making those modules independent. Hence, those facets can be 

98 Acta Wasaensia



 

responsively modified to prevent harm due to affordance, while maintaining 
performance. Some practical illustrations may shed light on this process. 

For example, managers would develop robotic AIs, such as a humanoid robot with a 
culturally sensitive appearance facet, to help care services emulate empathy and 
relationships. They would primarily focus on emotional-social affordances with high 
anthropomorphism and transparency. Such a system can also be recombined with a 
learning facet that includes computer vision and local temporal data storage and 
processing (with embedded AIs) to achieve secondary cognitive-analytical 
affordances. Additionally, managers may want to develop globally safe, robotic AIs, 
such as autonomous cars, that utilize an autonomy facet, which considers diverse 
road signs, markings, day, and weather conditions. Such systems may fall within the 
scope of mechanical-practical affordances. Managers may also recombine the 
learning facet through a subscription model to integrate public transportation 
services (with algorithmic AIs), helping users lower their car ownership costs and 
reduce their carbon footprint. Managers would ensure flexibility to comply with local 
regulatory frameworks such as the General Data Protection Regulation (GDPR) for 
learning and the AI Act for appearance or autonomy.  

In practice, the foundational architecture of AI-enabled solutions can be governed via 
openness (e.g., open source, open weights), closeness (e.g., proprietary secrecy), or 
separateness (e.g., localized computing). While openness involves making parts of AIs 
modifiable or publicly auditable, closeness involves restricting access to model 
details or system logic. For instance, solutions could follow an open-source cocreation 
model that connects with other systems beyond focal internationalizing firms. 
However, they can also be entirely closed, yet released through a specific facet on the 
internet or a native mobile app, such as interactivity. AI-based solutions can also open 
and close simultaneously, which underpins the separateness mechanism that 
organizes architecture so that parts of the system operate independently of cloud 
services or external information technology networks. It also underscores the 
localization of systems that operate on local hardware or computation power. For 
example, managers deploy a set of totally separate, localized virtual AIs, such as 
chatbots powered by large language reasoning models, to protect users' data privacy 
with learning facets. Such a localized, moderate-level anthropomorphic solution can 
run on a local drive, a personal computer, or an isolated information technology 
environment, even without an internet connection. They also enable the interactivity 
facet to protect against age-related vulnerability and enhance information exchange 
services. Therefore, the strategic stewardship of configuring FSAs based on 
trusteeship organizing enables managers to govern AIs for competitiveness. 
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5.4.4 Governing Competitiveness 

For governing competitiveness, managers may want to deliberately employ 
mechanisms that enable AI-driven solutions to compete, while remaining aligned 
with diverse institutional expectations on human values and accountability. This 
strategic stewardship would focus on the performance of AIs, but be responsible. 
Managers would ensure that AIs can scale across markets while maintaining user 
satisfaction, calibrated trustworthiness, and regulatory readiness. This means using 
trusteeship covenants as a strategic resource to make AIs globally deployable 
through institutional fit. In practice, this involves setting clear, shared internal rules 
for how systems are trained, updated, and monitored, so responsible teams can scale 
it across every country or business unit. For example, managers from a global service 
firm would deploy embodied virtual AIs for customer assistants like avatars, where 
they standardize its core design logic while allowing local business units to adapt its 
language, tone, and facial expressions. Concerning the interactivity facet, for instance, 
managers would enable the adaptation of communication style or imbue culture- or 
age-specific dialogue rules to avoid inappropriate conversations. Related to the 
appearance facet, for example, managers would enable localized accents in voice, 
facial features, and clothing to respect cultural sensitivities (e.g., gender 
representation) and avoid conflict with religious norms (e.g., modesty). Therefore, 
these processual activities reduce operational costs to achieve economies of scale, 
while maintaining higher user satisfaction. Managers who invest resources in 
covenants may face fewer disruptions when regulations change or when techno-
political conflict arises, because their systems are already transparent, auditable, and 
adaptable. In turn, they may achieve social legitimacy that aligns with local value 
judgments and be trustworthy to service systems.  

5.4.5 Protecting the Common Good 

Finally, managers may want to protect the common good while ensuring 
competitiveness by delegating affordances and configuring FSAs. Protecting the 
common good requires managers to ask how AIs could unintentionally harm users or 
society. This stewardship thus emphasizes everyday managerial decisions about risk 
mitigation and user wellbeing, rather than abstract ethical principles. Creating 
economic value that integrates social welfare across both production and 
consumption thereby underscores the complexity of producer–product relations. In 
turn, it will enable managers to protect their internationalizing efforts or firms by 
avoiding reputational damage and related costs, as well as legal or regulatory issues. 
Managers would ensure that any facets of AIs are not deceptive or manipulative. They 
would also ensure that AIs do not exploit user vulnerabilities or amplify bias. They 
would constantly calibrate the performance of their value-creating AI-based assets 
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so as not to create over-reliance, unsafe dependencies, or misplaced trustworthiness. 
Reflecting on the interactivity facet, for instance, when deploying algorithmic AIs for 
personalization, managers may want to deliberately limit persuasive nudging or 
emotional cues that could manipulate users, for example, to block impulsive 
purchases, overuse, overspending, or addictive engagement. Similarly, they may want 
to restrict unnecessary data accumulation for the learning facet during human-AI 
interaction, even in the face of weak regulatory institutions that allow it to some 
extent, and so reduce the risk of privacy violations and protect firms’ reputation. 

In summary, implementing these forehead strategic stewardships is intended to 
move beyond economic reasoning and compliance. Instead, managers in the given 
operating model would make globally integrated strategic choices with long-term 
social and economic outcomes, while partitioning for institutional differences. It 
enables them to configure solutions for long-term competitiveness. Hence, it strikes 
a balance between economic and social impact. From this perspective, managerial 
responsibility is not peripheral – it is core to organizing facets of AI. Accordingly, 
strategic choices would promote responsible development and deployment in both 
production and consumption-facing activities, underpinning human-centered 
processual activities. Therefore, this perspective creates a fundamental shift in 
strategic organizing to scale contemporary AIs globally, thereby protecting the 
common good and simultaneously achieving responsiveness across borders. Action-
oriented implications drawn from GRAO framework are relevant for managers, as 
much as for regulators. 

5.5 Implications for Regulators on Emerging 
Accountability 

The GRAO framework is directly relevant to regulation. In particular, its focus on 
ensuring accountability implies the core purpose of recent regulatory institutions 
undertaken worldwide, such as the AI Act (European Commission, 2024; IEEE, 2019; 
Jobin et al., 2019). Since the scope of affordance constantly evolves, along with the 
anthropomorphic properties of AI-based assets, products, or services in domestic and 
international markets, regulators may want to ensure users' psychological safety to 
block harmful means. Therefore, the two proposed implications below focus 
primarily on ensuring accountability, with a peripheral emphasis on blocking harmful 
means and addressing institutions. 
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5.5.1 Call for a New Industry Standard: ‘Global Psychological Safety 
in Autonomous and Intelligent Systems’ 

The first proposal calls for international standard-setting bodies to develop an 
industry standard which can be named as the ‘global psychological safety in 
autonomous and intelligent systems’ standard. The call closely relates to the existing 
IEEE P7000 series of standards, particularly P7014 on emulated empathy (IEEE, 
2024; Shneiderman, 2020). It also directly relates to the International Standards 
Organization’s technical committee on robotics. This call focuses on two 
fundamentals – the GRAO framework and psychological impact testing. Firstly, 
regulators would develop a unified 'global trusteeship by default' framework for 
system development and deployment. To ensure accountability, it may include 
reinforcing self-disclosure and transparency, as well as contextual usage restrictions 
on emotive computation. For example, it may involve external transparency cues and 
internal trustworthy systems to ensure accountability. Secondly, the standard would 
include longitudinal psychological impact testing before deploying to contemporary 
AIs, similar to testing conducted during the development of medications. Its purpose 
is to block harmful means and address institutions (please see Table 7 for critical 
reflections, which can help to develop measures and dimensions).  This testing would 
assess whether AIs contribute to unhealthy or unintended behavioral patterns among 
users, such as emotional dependence or misplaced trustworthiness. AIs developed 
for high-risk applications like mental health support or caregiving would respect 
human dignity. Deployments would undergo rigorous evaluations to ensure that they 
do not replace essential human touch and relationships, or exploit emotional 
vulnerabilities. The standard may accompany the labeling of potentially unacceptable 
risks. 

5.5.2 Shifting Discourse from ‘Trustworthy AI’ to ‘Trusteeship 
Organizing of AI’ 

The second proposal recommends using the label ‘trusteeship organizing of AI’ in 
regulations and policymaking to achieve coherence and ensure accountability, rather 
than ‘trustworthy AI’. If there is a crash or accident involving a commercial public 
aircraft due to the producer’s poor actions in quality control or the presence of 
technical issues, who should bear the responsibility? Is this the airline, the pilot, the 
passengers, or the producer? Can we call an aircraft 'trustworthy', or should human 
trust be baked into producer management systems that develop and deploy them in 
global markets? Similar questions arise amid the growing race to develop and deploy 
AIs worldwide, leading to mass usage and consumption. However, we still call it 
'trustworthy AI'. Therefore, the GRAO framework shifts the focus of trustworthiness 
to actual human actors (managers who are responsible for development or 
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deployment), business entities (e.g., internationalizing firms or multinational 
corporations), and service systems (e.g., the offerings from firms), rather than to AIs 
as individual entities. It also shifts the problematic focus of the ‘trustworthy AI’ 
discourse, as used by regulators such as the European Commission (2019) and in 
policies such as the OECD Global Partnership on Artificial Intelligence (OECD, n.d.). 

'Trustworthy AI’ is conceived as a human‑centric, safe, and secure approach to AI 
development and deployment that respects human rights. However, it is linguistically 
misleading.  It implies that contemporary AIs are agentic entities that can inherently 
be trustworthy or worthy of trust.  However, contemporary AIs cannot be held 
accountable, even though humans may develop misplaced trustworthiness in them, 
which can lead to dire consequences, even such as death (Bartneck et al., 2021; Burga, 
2025). Instead, trusteeship organizing, as a shared value, positions trust or 
trustworthiness as being baked into the strategic organizing of AIs and the 
performance of AI-based solutions. Trustworthiness goes to human agents and the 
firms who own and control AIs, and not models or algorithms. They are responsible 
for developing and deploying AIs to act ethically and justly. Therefore, the labeling of 
‘trustworthy AI’ risks naturalizing the idea that responsibility can be solved through 
technical fixes. This misattribution unfortunately undermines the socio-technical 
nature of facets of AI, thereby weakening accountability for emerging intangible 
assets, and shifts attention away from the risks of structural harm, such as the spread 
of disinformation, surveillance capitalism, labor exploitation, and the monopolistic 
control of computation and data. Thus, using the label ‘trusteeship organizing of AI’ 
may convey a true meaning.  

5.6 Future Research Agenda 

The above discussion provides insights into key theoretical explanations of the GRAO 
framework and its managerial implications, as well as well-developed regulatory 
recommendations. However, this sub-chapter now presents new issues and 
perspectives for a future research agenda that emphasizes methodological 
complementarity (Arbnor & Bjerke, 2009). Additionally, Table 8 presents some 
illustrative topical avenues for future research, derived from the proposed 
theoretical framework.  
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Table 8. Topical agenda for future research  

Evolving 
facets of AI 

Key illustrative  
recommendations 

 New topical issues and perspectives arising from the GRAO framework 

 Addressing institutions Blocking harmful means Ensuring accountability 

Autonomy Development 
Examine how to develop 

calibrated degrees of 
autonomy in firm-specific 
advantages that match 
institutional expectations 
of human controllability.  

Examine how system 
architectures incorporate 
institutionally required 
human‑override 
functions in delegating 
affordances (e.g., 
mechanical-practical). 

Deployment 
Explain why responsiveness 

differs when local norms 
discourage machine-led 
decision authority in 
affordances (e.g., 
cognitive-analytical or 
socio-emotional). 

Development 
Explore how autonomy 

constraints can be 
engineered to prevent 
harmful self‑initiated 
actions in consumption. 

Examine how autonomy 
helps mitigate the risks 
of harm that emerge 
from 
anthropomorphization 
across national cultures. 

Deployment 
Assess to what extent 

existing ethical 
frameworks (e.g., OECD 
AI principles) detect 
harmful autonomous 
behaviors 
post‑deployment. 

Assess the impact of 
responsive emergency 
shutdown mechanisms 
on ensuring users' 
complete control over a 
system and on 
developing calibrated 
trust in 
internationalizing firms. 

Development 
Explore how the globally 

integrated auditability 
mechanism of 
autonomous decisions 
can be configured in 
systems. 

Deployment 
Explain why managers 

develop an organizing 
framework to clarify 
accountability for 
potential malfunctions 
or harm across markets. 

Assess the effectiveness of 
deploying a workflow 
logging procedure to 
enhance transparency 
in a given foreign 
market. 

Learning Development 
Assess how the learning 

facet can be designed to 
offer flexibility to respect 
local data‑protection 
norms and/or laws. 

Understand how to embed 
national culturally 
sensitive feedback loops 
to prevent data-driven 
discrimination. 

Deployment 
Examine how managers 

enable the learning facet 
to adapt to emerging 
regional regulatory 
regimes or to adjust to 
geopolitical conflicts. 

Assess why 
internationalizing firms 
enable closeness, 
openness, or 
separateness in learning-
facet-oriented firm-

Development 
Explore how guardrails can 

be built to prevent 
harmful learning (e.g., 
hallucinations or the 
spread of 
disinformation) from 
data and user 
interactions. 

Assess which design 
approach (e.g., value-
based) ensures learning-
enabled firm-specific 
assets that do not 
exploit vulnerabilities in 
user-centric 
applications. 

Deployment 
Explain why managers 

ensure safe model 
adaptation to protect 
vulnerable groups 
across markets (e.g., 
regulatory response, 

Development 
Test the extent to which 

explainability can be 
embedded into the 
learning facet in 
international markets. 

Examine the mechanisms 
by which system 
architectures allow 
role-based 
responsibility tracking 
in a given foreign 
market. 

Deployment 
Assess the extent to which 

managers ensure the 
emergent behavior of 
learning-based firm-
specific advantage 
remains auditable. 

Explain mechanisms in 
which managers detect 
harm-amplifying 
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Evolving 
facets of AI 

Key illustrative  
recommendations 

specific advantages to 
enhance resilience (e.g., in 
the face of geopolitical 
conflicts). 

organizational cultures, 
long-term 
competitiveness). 

learning in firm-specific 
advantages. 

Interactivity Development 
Understand how 

interactivity can be 
designed to match 
culturally appropriate 
communication norms or 
interaction boundaries. 

Examine how interactivity 
can be developed to 
ensure real-time 
reciprocity that respects 
culturally specific 
interaction cues (e.g., 
expression, head tilting, 
head nodding, eye 
gazing). 

Deployment 
Explain how managers 

adapt interactivity in real 
time when the interaction 
style conflicts with 
market-specific norms 
and value judgments. 

Examine how managers 
localize interaction styles 
across markets while 
maintaining their firms’ 
value propositions or 
brand identity. 

Development 
Explore how systems avoid 

deceptive or 
manipulative 
conversational patterns. 

Explore what design 
approaches limit 
exploitative 
personalization in 
international markets. 

Examine how interactivity 
can be developed to 
ensure real-time 
reciprocity without 
deception or 
manipulation.  

Deployment 
Examine the mechanisms 

for monitoring risk of 
harm across national 
cultures (or specific 
ethnic cultures with a 
national border). 

Examine how managers 
enable rapid 
adjustments to 
interactive features 
when the risk of harm 
(e.g., deception or 
manipulation, privacy 
violations) becomes 
evident. 

Development 
Examine how an 

interactive loop in AI 
anthropomorphism 
remains traceable in 
human-AI interaction. 

Examine how interaction-
related process tracing 
logs support 
accountability while 
protecting user privacy. 

Deployment 
Explore what standardized 

mechanisms trace the 
interaction-based risk 
of harm in AI 
anthropomorphism via 
affective computing. 

Appearance Development 
Examine how morphological 

cues avoid violating 
institutional norms, such 
as those regarding gender 
or religious 
representation. 

Explore the necessary 
guardrails to prevent 
appearance-based 
cultural 
misinterpretation. 

Deployment 
Explain why users’ religious 

or cultural beliefs affect 
the intention to use or 
purchase in embodied 
systems in given foreign 
markets. 

Examine how visual or 
auditory cues are adapted 
to evolving cultural 

Development 
Explore the design choices 

to prevent reinforcing 
harmful stereotypes via 
appearance. 

Deployment 
Examine the mechanism by 

which appearance can 
be adapted to prevent 
risks of harm (e.g., 
overreliance, misplaced 
trust, over-purchase) 
due to 
anthropomorphism. 

Examine how appearance 
be adapted in identity-
sensitive foreign 
markets. 

Development 
Examine how managers 

justify morphological 
design choices for legal 
or regulatory 
accountability in host vs 
home markets. 

Explore how managers 
develop embodied 
systems (e.g., humanoid 
robots) to avoid 
deceptive signaling (e.g., 
hidden capabilities, 
false impressions). 

Deployment 
Examine why appearance 

enables users to 
attribute moral 
responsibility to AIs (vs. 
firms) due to cultural 
sensitivities (e.g., China, 
Korea), making 
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Evolving 
facets of AI 

Key illustrative  
recommendations 

sensitivities in response 
to local political shifts 
(e.g., conservatism, 
nationalism). 

Explore how 
internationalizing firms 
localize appearance 
without fragmenting 
global deployment (e.g., 
virtual AIs). 

accountability for 
potential harm 
problematic. 

5.6.1 Echeloned Design Science Research Method for Robotic AI 
System and Responsiveness  

Future research may employ the echeloned design science research (eDSR) method, 
combined with the GRAO framework, to develop robotic AIs for responsiveness 
(Tuunanen et al., 2024). With such a research design, studies can conceptualize AIs 
as layered socio-technical architectures. Each layer shapes trusteeship covenants, 
and the facets, affordances, and performance of AIs. This approach aligns with the 
framework’s focus on ongoing managerial capabilities. At the highest echelon, 
research can examine a trusteeship covenant layer as foundational limits, which 
serves to define a globally stable design principle across markets while allowing 
adaptation during deployment. A second echelon can focus on the configuration of 
facets of AI, such as autonomy and interactivity. These facets are modular and 
adjustable. Future studies might investigate how managers enhance or restrict these 
facets during international expansion. For example, they can limit humanlike 
appearance within a given institutional context, while enhancing interactivity to align 
with local cultural norms. An echeloned design allows such reconfiguration without 
compromising the core performance of AIs. A third echelon may relate to the 
affordances delegated to users, in which managerial decisions determine how the 
capabilities of robotic AIs translate into cognitive, mechanical, or socio‑emotional 
actions. Research could examine how affordances are gradually expanded or 
restricted across markets based on user vulnerability and expectations. Balancing 
these echelons over time may help robotic AIs to maintain calibrated trustworthiness 
and competitiveness under institutional differences. 

5.6.2 Interpretive Ethnography on the Performance of Virtual AI 
Systems 

Future research can employ an interpretive ethnography research design 
(Mahadevan & Moore, 2023) to study managers inside a global digital firm whose 
core FSAs rely on virtual AIs. The firm’s virtual AI-as-a-service might be delivered to 
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users via the cloud, a web interface, or a mobile app. Researchers can observe work 
as an insider in a specific institutional setting such as India, China, Australia, or 
Denmark, while paying close attention to the firm’s own organizational culture, and 
implicitly examine how managers apply three trusteeship covenants when 
configuring FSAs through AIs, achieving responsiveness. However, the unit of 
analysis may want to reflect on the conflicts and tensions surrounding these 
covenants, including how managers confront, negotiate, or resist them in the context 
of their organizational culture. Against this backdrop, researchers may produce a 
thick description and a reflexive account as insiders, and uncover hidden managerial 
actions and determine whether alternative logics dominantly exist. Such logics may 
entirely oppose the understanding of the GRAO framework, such as growth 
imperatives, competitive positioning, and investor expectations, and are often 
accompanied by minimal or no commitment to harm prevention, institutional 
attentiveness, or accountability. However, studies may also unpack why managers 
decide to take particular actions as they navigate competing logics, power 
asymmetries, and commercial pressures. Therefore, the empirical unit of observation 
may include multiple management actors within different units. Researchers can 
further reflect on how managers of relevant units detect risks of harm, negotiate the 
framing of accountability in relation to geopolitical or regulatory pressures, and 
interpret institutional concerns. For example, researchers may observe whether 
managers localize interactivity or appearance facets to respect cultural norms, or 
instead prioritize speed‑to‑market and standardize global deployment. 

Alternatively, ethnographic studies can examine how ‘blocking harmful means’ is 
understood within fast‑paced development environments: for example whether it is 
treated as a design priority or a challenge that slows performance metrics. Similarly, 
accountability may be enacted through managerial narratives of ‘innovation freedom’ 
or outsourced to compliance teams with minimal authority. If possible, however, 
longitudinal future studies can trace how facets of AI are selectively configured, 
restricted, or enhanced across markets, and interpretive ethnography is uniquely 
capable of capturing these subtle managerial actions within a given organizational 
culture. Alternatively, the contextualized explanation case study design might be used 
for examining such a context-laden phenomenon. 

5.6.3 A Multiple Explanation Case Study Design on the Scope of 
Affordances: Robotic vs Virtual AI Systems 

Future research can employ a multiple mechanism-based explanation case study 
design (Väyrynen et al., 2025; Welch et al., 2022), emphasizing the scope of 
affordances across markets. They can construct cases based on different robotic and 
virtual AIs and, for instance, contextualize them in service-related settings. They can 
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study how each system enables or distorts consumers' or users’ possible actions, and 
also analyze the underlying, perhaps hidden, socio-technical means that pose a risk 
of harm. A configurational theorizing or mechanism-based approach can support this 
endeavor (Furnari et al., 2021; Siponen et al., 2025), focusing on responsiveness as 
the outcome of interest. Here, the scope of affordances serves as a key anchor for 
understanding its mechanism. Besides primary data such as expert interviews, 
studies may also use secondary data, including news articles, reports, Reddit threads, 
consumer forums, and user reviews. 

Affordances arise from the interaction between given facets of AI, user actions, and 
institutions such as culture and norms. Robotic AIs might trigger 
mechanical‑practical and socio‑emotional affordances through physical presence. 
Simultaneously, however, they can also create a risk of proximity‑based harms, such 
as surveillance or perceived threat. In contrast, virtual AIs may yield 
cognitive‑analytical and socio‑emotional affordances, which may enable decision 
support and companionship, which may or may not pose a risk of harm, depending 
on the users' expectations, shaped by their institutions (e.g., value judgment). 
Therefore, future studies can compare different institutional settings, including 
national cultures, to explain how affordances expand or new actions emerge. 
Particularly, a new affordance may emerge that is neither predicted nor anticipated 
by managers when the system is developed, leading to unknown or unintended risks 
of harm. These unintended effects may hamper the performance of AIs that managers 
originally intended, undermining the strategic goal of responsiveness. Therefore, 
such multiple casing may reveal how risks of harm vary across affordances, across 
types of AIs, and across countries. Configuration analysis can map these risks for 
robotic AIs and virtual AIs and show which affordances can be standardized globally, 
and which require local adaptation. This comparison, in turn, helps to explain why 
managers need to adjust relevant facets of AI into FSAs through trusteeship 
mechanisms. It may also explain how to remain responsive across borders while 
protecting user well-being and enabling calibrated trustworthiness. 

5.6.4 Construct Measurement of the GRAO Framework: Scale 
Development and Validation for Different Contemporary Forms 

A critical avenue for future research lies in developing and validating measures of 
construct to operationalize the GRAO framework in both IB and IS (see Cadogan et al., 
1999; MacKenzie et al., 2011). This sub-chapter conceptualizes and defines distinct 
constructs identified earlier, and formally specifies a measurement model with a 
causal path (see Figure 13 for an adapted model of the framework for possible testing, 
and Table 7 for additional insights). These understandings and explanations may 
serve as a starting point to develop items to represent the construct and assess its 
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content validity. Translating such systems-oriented framing into testable model 
constructs will bring complementarity across methodological views. However, 
separate multi‑level measurement may be useful as the interaction effects among 
constructs are processual, relational, and evolving for each form of contemporary AIs, 
namely robotic AIs, virtual AIs, embedded AIs, and algorithmic AIs. 

 

Figure 13. An adaptation of the framework for possible testing 
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First, a trusteeship covenant-level measure that comprises three key constructs. 
These should be treated not as abstract ethical intentions, but more as  observable 
organizing practices for developing and deploying AIs in international markets. 
Measures should capture joint covenant effects, as the framework suggests that 
trusteeship covenants reinforce one another even though managers may 
operationalize them through distinct interventions. It further reflects bundles of 
practices rather than isolated actions.  

Second, facets of AI‑level measures, consisting of autonomy, learning, interactivity, 
and appearance constructs. Since each facet has its own dynamics and may be 
embedded within AIs alone, depending on the nature or type of its contemporality, 
each facet must be treated as a unique construct, making different yet interrelated 
constructs at this level. All four facets may be relevant for robotic AIs and virtual AIs, 
whereas autonomy and learning relate to embedded AIs and algorithmic AIs. When 
relevant for human-AI interaction, developing items for facets of AI must treat them 
as socio-technical constructs with configuring properties that interact with humans, 
rather than purely technical features. Item development must move beyond binary 
indicators. For instance, in the case of autonomy (autonomy vs. non-autonomy), 
measures must capture degrees of autonomy, their adaptability, and 
anthropomorphic signaling. Because facets of AI evolve, stability over time needs to 
be specified in the conceptual themes of these constructs to capture how managerial 
choices shape the performance of contemporary AIs.  

Third, a measurement for the performance of AI, enabled by single or combinations 
of facets. Here, sub-dimensions may include not only economies of scale and profit, 
but also adaptability and compliance across borders. Sub-dimensions may also reflect 
how managers organize them, such as openness vs. closeness vs. separateness, to 
enhance proprietary data and user well-being while remaining difficult to imitate due 
to their emerging affordances. Fourth, an affordance‑level measure to operationalize 
its growing scope. Dimensions of affordances can be distinguished between 
cognitive‑analytical, mechanical‑practical, and socio‑emotional. Rather than 
measuring usage intensity alone, items should go deep into construct dimensionality 
to assess how users perceive specific facets of AI and their appropriateness for action 
within specific contexts such as service provision. This is particularly important for 
examining the mediating effect of affordances on causal relationships among other 
key constructs. The framework suggests that affordances extend beyond firm 
boundaries, thereby influencing how user-facing contemporary AIs are interpreted 
and consumed.  

Finally, a multidimensional processual outcome measurement for the construct of 
responsiveness across borders that integrates competitiveness, regulatory 
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responses, calibrated trustworthiness, and user well-being. Rather than treating 
these dimensions independently, items would reflect their co‑production, since the 
framework suggests that trusteeship organizing simultaneously enables market 
performance and societal welfare. Measurement must remain sensitive to the 
emergent nature of facets of AI, enabling adaptive indicators that can evolve 
alongside technological change and usage behavior. Rather than aiming for overly 
rigid instruments, items would treat the interaction effect across constructs as an 
iterative process, reflecting the framework’s emphasis on ongoing organizing 
capabilities, underpinning FSAs. However, cross‑national scale validation for each 
type of contemporary form (e.g., algorithmic AIs, embedded AIs) is particularly 
important, as constructs such as accountability, trustworthiness, and well-being may 
have different meanings across institutional settings. Validation may therefore 
pursue measurement invariance or metric equivalence testing to ensure that 
measures are consistent across countries or institutions.  

5.6.5 Quasi-experimental Design on Facets of AI in International 
Expansion 

The GRAO framework is particularly well-suited to quasi‑experimental research 
designs (Jiang, et al., 2024; Ramani & Aguinis, 2023). Managerial actions across firms 
vary to configure facets into AIs, which in turn may vary across contemporary forms, 
countries, or phases of international expansion. Future research can explore this 
variation to examine how different configurations of facets, such as learning and 
appearance, produce divergent manager- and user-level outcomes when firms 
internationalize or scale AI-based solutions abroad. One promising approach is to 
examine the rapid internationalization of an AI-based international new venture in 
which its AI-based FSAs are deployed in parallel across countries with differing 
institutional environments (Cheung & Niittymies, 2026). Researchers can compare 
markets where autonomy is constrained (e.g., recommendation‑only algorithmic AIs) 
with those that permit greater autonomy (Hou et al., 2026). As examples, they can 
assess the impact on regulatory responses, calibrated trustworthiness, or assess the 
performance of AIs. Analysis can isolate the effects of changes in autonomy while 
holding constant the core functionality of AIs on responsiveness.  

A second quasi‑experimental design may involve geopolitical conflicts, such as the 
introduction of embargoes or restrictions on AI‑related products or services from a 
given country. Managers often feel forced to respond or make no response as part of 
a strategic decision. To respond, for example, managers may reconfigure learning 
facets, auditability, or oversight structures in affected markets, while leaving other 
facets like interactivity, unchanged. These tensions allow researchers to study how 
ensuring accountability through altered learning facets influences cross‑border 
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responsiveness. As a third example, variation in the interface for local sensitivity 
creates opportunities to examine interactivity and appearance as treatment 
conditions. For example, managers may deploy culturally adapted conversational 
styles or anthropomorphic facial features in some countries, but not others. Similarly, 
learning facets may be localized into robotic AIs or embedded AIs in some countries, 
but not others, due to national data security concerns or different data regulations. 
By comparing user behavior and well-being across these settings, future studies can 
assess how trusteeship covenants enable particular facets to align with institutionally 
appropriate local responsiveness. Finally, future studies can explore restructuring 
events such as launching open weights models or platform opening, which alter 
openness and separateness in AIs to configure FSAs. For instance, observing market 
performance before and after such reconfigurations may enable a causal inference 
about how learning facet localization supports scalable, yet responsible, international 
expansion. 

5.7 Concluding Remarks 

This dissertation aimed to examine how AI may be managed across national borders 
to integrate economic reasoning with social well-being. The emergent understanding 
in the context of common good may provide three key points. First, AI is the frontier 
of computation advancement – an evolving phenomenon with primarily four 
interrelated facets: (1) autonomy, (2) learning, (3) interactivity, and (4) appearance. 
These facets may create affordances that are intended to create ever-expanding 
opportunities for achieving tasks. These affordances may also be fully or partially 
unpredictable, thereby strengthening or weakening the performance of 
contemporary AI systems. Second, this emergent nature of facets may necessitate 
rethinking strategic organizing of AI systems for responsiveness across borders, 
which may not be understood as mere country-level adaptation. Instead, 
responsiveness becomes an ongoing processual activity that shapes development 
and deployment, consumption or usage, emerging consequences, and managerial 
responses with new decisions around facets of contemporary AI systems. Third, 
achieving responsiveness may require trusteeship organizing, consisting of three 
globally integrated interrelated covenants that intentionally prioritize proactiveness 
in (a) addressing institutions, (b) blocking harmful means, and (c) ensuring 
accountability. These trusteeship covenants are integrated into facets of AI globally 
by default, which may require constant reflection and responsiveness. There is a 
possibility of both intended and unintended risks of harm due to the emergence of 
affordances and the performance of AI systems, which may have negative 
consequences for end-users. Without a trusteeship framework, internationalization 
efforts could fail and pose reputational, political, or regulatory risks for both firms 
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and top managers. The dissertation also calls for a regulatory shift in existing 
discourse from ‘trustworthy AI’ to ‘trusteeship organizing of AI’ to achieve coherence 
and ensure accountability across markets. 

With these points of departure, the dissertation hopes to institute a systems-oriented, 
trusteeship-based process for managing AI across borders that integrates economic 
goals with social responsibilities. The process is intended to safeguard the user's 
well-being, and serves as an ongoing managerial capability to underpin firm-specific 
advantages. With such productive closure, this dissertation contributes to the current 
scholarly discourse on the strategic management of AI systems. It may inform 
managers to responsibly develop and deploy AI systems for their international 
operations and configure products or services worldwide to achieve responsiveness. 
Additionally, it may guide regulators on the risks posed by irresponsible development 
and deployment of AI systems, thereby enabling preventive measures to ensure 
societal well-being. In addition to theory and practice, this dissertation also proposes 
several critical future opportunities for organizing AI systems to advance both 
international business and information systems research. Consequently, it 
collectively advances existing conversations on how AI-related firm-level activities 
have differential impacts on business and society, including both positive and 
negative consequences. 
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Appendices  

Appendix 1. Conducting Qualitative Interviews 

INTERVIEW GUIDE 

Introductory script: To begin with, thank you so much for finding time for us. How 
are you doing today? What time is it in your geolocation, and how was/is the weather 
today? By the way, how is the COVID situation in your area/country? As we have 
already mentioned earlier, our research spins around the humanness of AI or 
humanized automated and intelligent systems such as robots, voice-enabled digital 
assistants, chatbots, autonomous vehicles, and avatars. We are interested in your 
story, experience, thoughts, and whatever you want to talk about, including ethical 
issues in human-machine interaction. We are particularly interested to hear your 
thoughts on the humanlike characteristics of AI systems, such as social behavioral or 
functional behavioral (e.g., task, competence), and how they can create ethical issues, 
affect or alter users or consumer behavior, or vice versa. 

The research emphasizes three service encounter (interaction) perspectives: 
a) Users or consumers interact with an AI system that represents the service 
provider. 
b) Users or consumers interact with an AI system that is embedded in the 
product/service. 
c) Users or consumers interact with an AI system as an end product/service. 

To facilitate our note-taking and transcription, we would like to record our audio 
conversations today. Would you kindly allow us to do so?  
"By agreeing to participate, you will be confirming that: 

- You understand that your participation is voluntary and that you are free 
to withdraw at any time, without explanation or penalty; and  

- You understand that what participation in this research entails, agree to 
our conversation being recorded for the purpose of transcription, and the 
use of your de-identified comments, views, and thoughts in the research 
output." 

Thank you for agreeing to participate. Shall we begin? 

Closing scripts: As we have reached half an hour, we would like to end our 
conversation today. We want to thank you a lot for providing your valuable time and 
rich insights. Do you have any further remarks on any additional ethical concerns of 
AI that we may have missed in the discussion? Do you have any comments or 
feedback on our research topic or your interview experience? Thank you once again. 
We will keep in touch. Kindly stay safe. Have a nice day! Bye. 
 
Time: 
Date: 
Place:  
Name of interviewer: 
Name of interviewee: 
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Demographics info 
Gender: 
Age: 
Nationality: 
Occupation: 
Highest degree: 
Years using (or of expertise on) AI: 
AI use intensity: 
Type of AI:  
Context of use (or development and deployment): 

Post interview comments and/or observations: 

Interview questions (Interview type: Users or consumers) 
1. Please tell me your experiences about recent interactions with any automated 

and intelligent systems such as robots, voice-enabled digital assistants, chatbots, 
autonomous vehicles, or avatars in the digital environment. 

2. Tell me your thoughts about the humanness perspective of AI.  
Probe: When we say humanness, we mean humanlike traits or characteristics that 
you may observe or find in the AI system that you use, such as the ability to 
express emotion or independent decision making, or that AI may have its own 
intention and autonomy. 

3. Please tell me your view on the different types of ethical tensions that may stem 
from the interaction between consumers and humanized AI. 

4. Give me your viewpoint on what are or could be intended and unintended 
consequences that may stem from using or interacting with automated and 
intelligent systems. 

5. Would you kindly share your privacy concerns regarding rising automated and 
intelligent systems in service? 

6. Would you describe any of your experiences where you felt that an AI system 
could manipulate you, or could be used to convince you to do certain things, or 
could be used to persuade you to buy products or services, or do more? 

7. Tell me any concerns you may have about the emotional or relational 
perspectives of human-AI interaction, and how they could bring negative 
consequences for consumer well-being. 

8. Some people say AI should morally be responsible for its acts, actions or 
decisions, like a human being. Some people also say that AI should be treated as 
a slave and should not be treated as a morally responsible agent. What are your 
opinions about this, and the rights of AI systems? 
Probe: If an autonomous car killed or harmed someone on the road, who should 
we blame? 

9. Tell me about AI-enabled automated decision-making and what type of bias or 
discrimination it can create. 

10. There is an ongoing debate about AI-enabled dating services, sex toys, or even 
services related to sex with a robot. Please tell me about your view on this, 
connected to ethical concerns. 

11. Please tell me about your opinions on how companies/policymakers can 
minimize the risk or harm of the AI system and protect consumer well-being. 

12. What could be the key strategies that firms should adopt to enable 
responsible/ethical AI to create harmless human-AI interaction and foster 
positive customer engagement? 
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Interview questions (Interview type: Experts) 
1. Please tell me your thoughts about the humanness perspective of automated and 

intelligent systems such as robots, voice-enabled digital assistants, chatbots, 
autonomous vehicles, and avatars in the digital environment. 
Probe: When I say humanness, I mean the applied anthropomorphism, humanlike 
traits, or characteristics that a user or consumer may observe or perceive 
consciously or unconsciously in an AI system.  

2. Tell me your opinion on AI's capability concerning machine behavior, and what 
the key dimensions of such machine behavior are. 
Probe: AI's ability to express emotion or independent decision making; ability to 
demonstrate action in a way where people may perceive AI's intention, agency, 
or autonomy. 

3. Would you kindly share your thoughts on how machine behavior can influence 
consumer behavior, and how consumer behavior can also influence machine 
behavior? 

4. Tell me about your view on different types of ethical tensions that may stem from 
human-AI interaction. 

5. Tell me your perspective on what are or could be intended and unintended 
consequences that may come from using or interacting with automated and 
intelligent systems? 

6. Would you share your privacy concerns regarding rising automated and 
intelligent systems? 

7. Would you kindly describe how an AI system can be deployed to manipulate 
consumers, or enable social engineering or persuasive technology to buy 
products or services? 

8. Please express your concerns on the emotional or relational perspectives of 
human-AI interaction, and how they could bring negative consequences for 
consumer well-being, such as emotional attachment or social isolation.  

9. Some experts say AI should be morally responsible for any of its acts, actions or 
decisions, like a human being. Some experts also say that AI should be treated as 
a slave and should not be treated as a morally responsible agent. What are your 
opinions about this, and the rights of AI systems? 
Probe: If an autonomous car killed or harmed someone on the road, who should 
we blame? 

10. Tell me about AI-enabled automated decision-making and what type of bias or 
discrimination it can create. 

11. There is an ongoing debate about AI-enabled dating services, sex toys, or even 
services related to sex with a robot. Please tell me about your view on this, 
connected to ethical concerns. 

12. Tell me about your opinions on how we can minimize the risk of harm to the AI 
system and protect consumer well-being. 

13. What could be the key strategies that firms should adopt to enable responsible AI 
to create harmless human-AI interaction and foster positive customer 
engagement? 
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Abstract

The collaboration between artificial intelligence (AI) and humans is reshaping interna-

tional business (IB) management dynamics, aiming to achieve global sustainable

development. Recent IB literature indicates that managing AI brings benefits such as

better resource reconfiguration, reduced transaction costs, and global sustainable

development. However, existing IB literature provides only meager knowledge about

the characteristics of AI and how these characteristics can be employed for interna-

tional expansion at the intersection of sustainable development. In response, our aim

is to construct these characteristics by employing directed qualitative content analy-

sis of empirical AI research. Based on our three constructed characteristics of AI, we

contribute to current IB literature by providing a framework to balance economic and

social goals and utilizing AI for global sustainable development. Further, we provide

future IB research themes to guide IB and AI research toward achieving a sustainable

production and consumption agenda.

K E YWORD S

artificial intelligence (AI), global sustainable development, international business, international
expansion, sociotechnical theory

1 | INTRODUCTION

The role of artificial intelligence (AI)1 is becoming an everyday phe-

nomenon in the value creation of new business activities (Chalmers

et al., 2021; Murray et al., 2021; Ratten, 2022). Even though AI is not

a recent phenomenon in international business (IB) (Brouthers

et al., 2009; Cavusgil et al., 1992; Hemphill & Kelley, 2021; Tatarinov

et al., 2023; Veiga et al., 2000), there remains an uncertainty about

whether AI will enable or hinder responsible consumption and produc-

tion worldwide in line with the United Nations' (2023) Sustainable

Development Goals (SDGs). This question aligns with the ethical

guidelines for trustworthy AI that empowers human beings to make

informed decisions and protect fundamental rights (European

Commission, 2019). Such a question also relates to the Fifth Industrial

Revolution that emphasizes advanced technologies, including AI, for

human-centric and sustainable development (European Commission,

2022). This human-centric approach encompasses complementarity

between humans and machines and aims to ensure the well-being of

society, business, and end users.

For example, managing embedded AI in autonomous electric vehi-

cles with a new business model to enable monthly subscriptions could

combine public transport, and reduce car ownership costs and carbon

footprint. Deploying virtual AI like avatars and human counterparts

responsibly can also be used to protect end user privacy while improv-

ing service quality in healthcare. Aligning with these examples, a

recent AI research project focusing on sustainable development found
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that while AI can accomplish targets across all the SDGs, it can also

inhibit them (Vinuesa et al., 2020). Therefore, the research urges

extending a systematic understanding of AI to the international con-

text. This call motivated a focus on IB management in our study.

By taking firm-level management perspectives, we recognize the

importance of extending AI research to IB literature. This urgency is

paramount to achieving global development in balancing the three pil-

lars of sustainable development—economic, societal, and environmen-

tal well-being. Against such a backdrop, recent IB literature on

digitalization recognizes that firms need to balance their social, tech-

nological, and economic goals (Luo & Zahra, 2023; Verbeke &

Hutzschenreuter, 2021). Similarly, IB scholars also point toward AI at

the intersection of global sustainable development (Ciulli &

Kolk, 2023; Tatarinov et al., 2023). However, IB literature contains

only limited knowledge about the characteristics of AI and how man-

agers can utilize those characteristics in their international expansion

activities. On top of that, we know very little about AI in IB manage-

ment at the intersection of sustainable development. We argue that

AI can enable responsible consumption and production worldwide

and help achieve SDGs but only if we have effective management

strategies, policies, and institutions to support its use. Otherwise,

there can be opposite, deleterious effects, hindering SDGs.

In response, our research focuses on SDG #12, which deals with

sustainable consumption and production patterns in IB management

(Chabowski et al., 2023; Montiel et al., 2021). To advance research in

this domain, our study provides a new understanding that preliminar-

ily builds on the management perspective of AI, which is developed

mainly in information systems literature. We embrace a sociotechnical

viewpoint of AI that aims to balance social and economic goals

(Berente et al., 2021). The following research question is of particular

interest in this study: How does the existing empirical research on artifi-

cial intelligence relate to international business management? To answer

this question, we employ a qualitative content analysis method to

analyze published empirical research on AI. We then construct three

characteristics of AI and demonstrate how managers can utilize those

characteristics in their international expansion activities at the inter-

section of SDG #12. Our study analyzes 85 empirical research papers

on AI published in multiple disciplines with a critical realism view and

a directed content analysis approach.

By doing so, our research contributes to the growing AI research

in IB literature in four ways (Autio et al., 2021; Ciulli & Kolk, 2023;

Del Giudice et al., 2023; Denicolai et al., 2021; Tatarinov et al., 2023).

First, we construct three characteristics of AI–autonomy, learning, and

combinative. Second, we show how managers can utilize those char-

acteristics to achieve economic goals in international expansion activi-

ties. Third, we contribute to the open and multidisciplinary domain of

AI research that focuses on global sustainable development (Jobin

et al., 2019; Rahwan et al., 2019; Vinuesa et al., 2020). Fourth, we

propose further research directions to initiate and guide research on

AI in the context of sustainable production and consumption in IB that

balance economic and social goals.

The paper is organized as follows. In the next section, we discuss

the method of the study, which builds upon a directed content

analytical approach. Then, we unpack the theoretical foundation of

constructing the three characteristics of AI. Afterward, we explain the

significant insights gained from our analysis. We also outline future IB

research opportunities in AI related to the sustainable production and

consumption agenda. Finally, we provide managerial implications

and discuss the limitations of our study to guide future developments.

2 | DIRECTED CONTENT ANALYSIS OF
PUBLISHED AI RESEARCH

Since the study embodies our knowledge, assumptions, beliefs, and

value judgments about AI and responsible production and consump-

tion patterns (SGD #12), we took a critical realism position

(Bhaskar, 1978; Mingers, 2004). This philosophical stance allowed us

the flexibility to conduct qualitative research using multiple criteria

and procedures in IB beyond qualitative positivism and proceduralism

(Welch & Piekkari, 2017). Consequently, our study embraced the

inherent subjectivity in observations, transparency, and reflexivity to

construct an understanding of AI in the context of IB management.

Instead of using a methodological template, we employed our heuris-

tics and imagination in the context-laden phenomenon, which is para-

mount for management and AI research (Furnari et al., 2021;

Turing, 1950). Accordingly, we maintained that “a quality study results

from the researcher's ability to reflect on how his or her field interac-

tions, philosophical commitments, and theoretical preconceptions

molded the interpretations and results” (Welch & Piekkari, 2017,

p. 720). Reflecting on embodied value judgments about knowledge

production, we took a pluralist approach to IB research and sociotech-

nical thinking that shaped our theoretical preconceptions. Hence, we

aimed to advance the field concerning AI by taking an alternative

method to investigate already published articles.

Instead of the systematic literature review method, which seems

to embody qualitative positivism (see Evers et al., 2023, for an exam-

ple), we employed a qualitative content analysis method. Our method-

ological approach aligns with our critical realism philosophical position

and may be described as a directed qualitative content analysis

method. Accordingly, we focused on the textual contents (as data) of

empirical research at the intersection of AI and the international activ-

ities of firms. Within the qualitative content analysis methods

(Hsieh & Shannon, 2005), we employed a directed content analysis

approach to extend our current understanding of AI in IB manage-

ment, which changes the dynamics of assessing the quality of our

research (see Bonache, 2021; Welch & Piekkari, 2017). This approach

is deemed the most appropriate to draw insights from extant scholarly

works when little direct knowledge is available on the given phenome-

non (Krippendorff, 2018). To achieve this, we used four subsequent

stages—(1) developing the unit of analysis, (2) deciding on appropriate

sampling, (3) constructing the dataset, and (4) analyzing data.

First, we developed a unit of analysis of our study that aligns with

the research question. Given that we know little about AI in the inter-

national context in general and there is limited AI research in manage-

ment and IB literature. Against this backdrop, our study is directed
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toward IB management that intersects with a sociotechnical view-

point to manage AI (Berente et al., 2021). Put simply, we took insights

from already published AI articles, molded those insights to construct

characteristics of AI, and contextualized them into IB management to

produce knowledge. We aimed to conceptually extend the current

understanding of managing AI in IB operations toward achieving SDG

#12, which balances economic and social goals. Consequently, the

unit of analysis of our study is the characteristics of AI and managing

those characteristics in IB to achieve responsible production and con-

sumption. This allowed the construction of a fresh conceptual under-

standing of the given phenomenon based on empirical insights

(Krippendorff, 2018; Welch et al., 2011).

Second, regarding directed content analysis, a central task of any

textual analysis is to decide on the appropriate sample and which text

to investigate. Our selection of published AI research followed quali-

tative relevance (purposive) sampling, which aims to select textual

data in line with the unit of analysis (Krippendorff, 2018). Given that

both AI1 (See footnote 1) and IB as research domains capture multi-

disciplinary phenomena, we looked for articles in multiple disciplines,

including IB, management, organizational studies, computer science,

engineering, robotics, information systems, philosophy, and marketing.

Consequently, this pluralistic approach allowed us to purposefully

construct a dataset focused on existing AI research related to cross-

border management in IB operations.

Third, we constructed a dataset.2 Focusing on AI and IB, we ini-

tially used Google Search and Google Scholar to understand the phe-

nomenon better. Accordingly, we aimed to include only quality

scholarly works on AI with a predefined sampling procedure (see

Figure 1). This sampling procedure guided us to develop relevant

search strings and use advanced search functionalities in each data-

base (see Appendix A). We limited our search to the English language

and publishing dates from 1950 to 2023. Since we systematically

know very little about AI in the international context, we wanted to

cover an extensive period from the inception of intelligent machines

(Turing, 1950) to recent developments in IB (Ciulli & Kolk, 2023;

Tatarinov et al., 2023). We retrieved peer-reviewed journals listed in

the Academic Journal Guide 2021 (levels 1–4*) and referred to CWTS

Journal Indicators (www.journalindicators.com) for those not listed.

Additionally, we took further precautions to exclude potential preda-

tory and low-quality journals. To exclude low-quality journals, we

excluded those listed as “0” or indicated as possible predatory jour-

nals. This cross-checking was complemented by two national journal

rankings: the Finnish Publication Forum (level 1–3 journals) and the

Norwegian Register for Scientific Journals, Series, and Publishers

(level 1–2 journals). We then screened and constructed a dataset

using Zotero referencing software to examine textual data.

Concerning which text to investigate to construct the dataset, we

screened records based on content, including those focused mainly on

AI, that must explicitly or implicitly relate to cross-border management

perspectives. During this process, records in IB journals discussing AI

as part of broader digitalization were considered. Additionally, we

included technical papers that deal with developing new, or optimizing

existing, AI models and methodological papers that deal with AI

methods. However, we excluded technical and methodological papers

that do not necessarily relate to firm-level management aspects. Fur-

thermore, we included more records using cross-reference tech-

niques. Hence, we developed our preliminary dataset comprising of

141 records with both non-empirical elements (conceptual, literature

review, and technology explanation papers) and empirical elements as

part of the broader research project. However, we finally constructed

our dataset containing 85 records with only empirical elements. This

includes methodological studies with empirical analysis (see Veiga

et al., 2000), technical papers with empirical research (see Fish &

Ruby, 2009), and traditional empirical papers (see Denicolai

et al., 2021). After finalizing the dataset consisting of empirical AI

research, we broadly sorted all empirical articles based on the emerg-

ing underlying characteristics of AI, inspired by both existing AI

(Berente et al., 2021; Rahwan et al., 2019) and IB literature (Ojala

et al., 2018, 2023; Tatarinov et al., 2023).

Finally, we analyzed the textual data. In proceeding with our anal-

ysis with a critical realism view and directed content analytical

approach, our analytical process is neither untainted, inductive nor

deductive (Krippendorff, 2018). Instead, in this directed approach, we

constantly went back and forth in the literature (theory) while care-

fully reading and analyzing data in constructed datasets through suc-

cessive iterations between theory and data (Bhaskar, 1978;

Mingers, 2004). Put simply, our reports primarily relied on empirical

insights from articles. However, we constantly directed those insights

to existing AI and IB research through comparisons. After sorting the

articles, we conducted a qualitative content comparison inspired by IB

and management literature (Glikson & Woolley, 2020; Rana &

Morgan, 2019; Welch et al., 2011). We read each article through care-

fully to understand the theoretical background, underlying assump-

tions, research strategy, findings, and discussion. However, we only

focused on content that was derived from empirical insights (mainly

the findings and discussion) to compare and relate to the focal unit of

analysis. Therefore, we did not analyze other aspects of the articles

such as conceptual background or hypothesis development. We then

analyzed the texts through comparison to construct data-driven

insights while embodying our value judgment, heuristics, and

imagination.

We then categorized each paper based on the insights of textual

data using Zotero's “Call Number” function to label relevant con-

structs, variables, or outcomes, which helped us to be systematic in

constructing emerging themes and subthemes. We used an intra-

content comparison to compare between parts of a text

(e.g., paragraphs in the findings and discussion section of a single arti-

cle) to recognize patterns for identifying similar and inconsistent

themes. In addition, we compared different texts among articles and

the textual content with a standard dimension (our emerging charac-

teristics of AI and dimensions of IB management). As a result, the con-

tent comparison embodied our interpretation of relating repeated and

irregular patterns to the extant theoretical assumptions in IB literature

coupled with the sociotechnical thinking of managing AI in IB opera-

tions. In this process, we reflected on the following questions for each

article to conduct the content analysis systematically and consistently
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Records after 

removing 

duplicates

(N = 1071)

Reasons for inclusion:
1) Peer-reviewed articles published in academic journals, AND

2) Conceptual, theoretical, review, technical, and empirical papers

published in English between 1 January 1950 and 31 August 2023,

AND

3) The utilization of AI that explicitly or implicitly relates to cross-

border perspectives and firm-level understanding concerning:

• Economical (e.g., efficiency, optimization) and/or societal
aspects (e.g., loss of employment, ethical concerns)

• Agenda of United Nations’ Sustainable Development Goals
• Knowledge bundles including intangible assets, learning

capabilities, technological [digital] capabilities, and
relationship building

• International or multinational firms
• Institutional distance (e.g., culture, language, norms, routine)

OR

4) Articles in IB journals that discuss AI as part of broader

digitalization and the Fourth/Fifth Industrial Revolution.

Reasons for exclusion:
Technical papers to develop new and/or optimize existing 

systems or architects (e.g., data-storing, deep learning) that may 

not translate to firm-level understanding, OR

Methodological papers using AI-based methods in data analysis

that do not necessarily relate to firms-level understanding, OR

Mentioning international/global market perspectives in the 

abstract, yet the main focus is not cross-border issues, OR

The utilization of AI is mentioned in future research directions 

and does not reflect on the analysis and discussion, OR

Related to other aspects than firms (e.g., arts, medical diagnosis,

national defense, government policies, and pedagogy), OR

Book chapters, conferences proceedings, and retracked articles.

First round 
of screening
(based on title 
and abstract; 
if required,
the full text 
was reviewed; 
removed 
duplicate 
records 
N=622; 
excluded 
records in 
this round
N=870)

Extracted 

records through 

database search

(N = 1693)

Records after 

first round of 

screening

(N = 201)

Second 
round of 
screening 
(based on 
reading 
whole text of 
papers)

Records after 

second round of 

screening

(N = 121)

While the first author has been working on artificial intelligence for some years and the second 

author in international business for many years, we tried to understand the phenomenon better in 

supplementary ways. We searched using Google Scholar and Google Search to find books, 

industry reports, and articles. This approach helped to guide the research and identify search 

words.

Initial 
search

Database 
search
(Jan 1950 
to Aug 
2023)

Search protocol*

#1: List of search words related to artificial intelligence

#2: List of search words related to international expansion and cross-border perspectives

Extraction of records: Web of Science (N=631), Scopus (N=844), and ProQuest (N=218).

Selected records after assessing 

the whole text for eligibility

(N = 141)

Final 
selection 
pool 

Including relevant and quality references from backward 

and forward citation tracking, hand searching, and 

consultations (N = 20)

Remaining empirical papers 

for content analysis

(N = 85)

Final 
records Excluding conceptual, literature review, technology 

explanation papers from the final selection pool (N = 56)

F IGURE 1 Construction of the dataset. *See Appendix A for a detailed account of the search protocol and search string/sets of keywords.
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(Miles et al., 2014). How does the paper relate to IB management?

Does it deal with any underlying characteristics of AI? If so, how does

the characteristic impact IB management? Does it deal with socio-

technical issues of managing production and consumption in IB, and, if

so, how? Does it inform future research directions in IB management,

and if so, how?

Having discussed the methodological stages of our research and

the qualitative nature of our constructed dataset and analytical proce-

dure, we now present the findings of our study. We first provide a

definition of AI in IB management, followed by the theoretical support

for our three constructed characteristics of AI from existing AI and IB

literature. We then provide our empirical insights into the three char-

acteristics of AI and outline future research opportunities to achieve

sustainable production and consumption.

3 | CONSTRUCTING THE
CHARACTERISTICS OF AI IN IB
MANAGEMENT: THEORETICAL
FOUNDATION

3.1 | What is AI in IB management?

IB research defines AI as the most important technological advance-

ment that (a) learns patterns automatically from examples

(Brynjolfsson et al., 2019), (b) makes autonomous decisions

(Hemphill & Kelley, 2021), and (c) solves problems and achieve goals

(Ferreira et al., 2023). Additionally, IB research went further to com-

pare this technological advancement with humans to articulate that AI

is composed of many computational capabilities that allow artificial

systems to recognize patterns in a sophisticated way, similar to the

human brain (Veiga et al., 2000), and perform functions that mimic or

exceed human cognition (Ciulli & Kolk, 2023). However, recent IB

research cautiously argues against such an assessment and for the

importance of human knowledge in AI applications (Grant &

Phene, 2022; Tatarinov et al., 2023).

This human-centrism is critical for successfully utilizing and man-

aging AI in IB operations since AI is computationally constrained by

the data it is trained on (Autio et al., 2021). Furthermore, AI's func-

tions and decision-making behavior are also constrained by its operat-

ing environments and configurations of interactions like machine–

machine and/or human–machine (Glikson & Woolley, 2020; Rahwan

et al., 2019). Central to humans, the frontier of computational

advancements must still uphold ethics and protect human rights

across all economic activities (Berente et al., 2021). Consequently, we

argue that AI works well in decision-making with human knowledge

and experience. However, recent advances in computational capacity

also make AI an evolving computation system that autonomously

learns and makes decisions without human knowledge and experience

(Lyytinen et al., 2021; Murray et al., 2021). We therefore maintain AI

as the frontier of computational advancements that address complex

decision-making problems and can be engineered to learn, evolve, and

develop with or without human intervention. This article focuses only

on narrow AI that performs narrowly defined or a singular task in IB

operations. Throughout the paper, we use the term “AI” to refer to

both complex and simple computational systems used to make deci-

sions and reflect on their embodied representation, like robotic, vir-

tual, and embeddedness (Glikson & Woolley, 2020; Rahwan

et al., 2019).

3.2 | Characteristics of AI in IB management:
Autonomy, learning, and combinative

Based on qualitative content analysis, we constructed three different

characteristics of AI in IB management. The first characteristic of AI is

autonomy, which covers its increasing capacity to act without human

intervention and behave without human knowledge (Murray

et al., 2021; Rahwan et al., 2019). Unlike past information technology

and rule-based automation that required humans to codify and pro-

gram tasks explicitly, AI is based on machine learning that is devel-

oped to detect patterns from data and reprogram itself automatically

(Berente et al., 2021; Brynjolfsson et al., 2019). This self-development

aspect allows AI to automate routine tasks and activities in extant

cross-border business management. Recent IB literature suggests that

such autonomous capabilities can be expanded across borders by

feeding fine-grained data from diverse national contexts (Autio

et al., 2021). With such proliferation within multinational settings,

managing AI autonomy requires less monitoring, coordination, and

transaction costs in IB operations (Cuypers et al., 2021). It also allows

managers to combine autonomous machine intelligence with human

intelligence in decision-making and knowledge transfer across borders

(Grant & Phene, 2022).

The second characteristic of AI is learning, one of the central con-

cepts from its inception (Turing, 1950). Learning refers to machines'

“ability to inductively improve automatically through data and experi-

ence” (Berente et al., 2021, p. 1437). Machines can learn to recognize

patterns through supervised and unsupervised learning techniques

and other large-scale advanced computational methods, like deep or

reinforcement learning or neural networks. For instance, the neural

network model is inspired by the human brain with extensive inter-

connected units as neurons that connect a vast network to recognize

complex patterns. Consequently, IB literature explains that these are

modeled with many computational elements functioning in parallel

and arranged similarly to biological neural nets (Veiga et al., 2000).

Such learning functions enable machines to produce sophisticated

outputs. These outputs of pattern recognition gradually improve and

perhaps make machine intelligence, through data interpretation

and experience iteration, similar to how the human brain routinely

performs. Additionally, IB literature consistently argues the impor-

tance of learning about markets in firm internationalization

(Johanson & Vahlne, 2009; Luostarinen, 1994). Recent AI develop-

ments provide excellent learning opportunities for managers in their

internationalization process (Huo & Chaudhry, 2021).

The third characteristic of AI is combinative, one of the emerging

concepts from recent development that involves hybrid interaction
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between machines and machines as well as humans and machines

(Rahwan et al., 2019). Current IB literature posits that managers can

utilize the combinative characteristics of AI to reconfigure the nature

and structure of value-creating activities in the global marketplace

(Tatarinov et al., 2023). This recombinant approach allows managers

to develop dynamic capabilities that lead to firm-specific assets which

include several functions of digital solutions (Banalieva &

Dhanaraj, 2019; Lee et al., 2021). AI's modular property governs these

interconnected yet separable functions (Autio et al., 2021;

Nambisan & Luo, 2021). Modularity refers to the layered technologi-

cal architecture of a solution to facilitate loose interconnectivity of

given elements that can be recombined (Ojala et al., 2018). This com-

binative approach of AI helps managers to create entirely new func-

tionality enabled by different configurations of new capabilities

(as modules) to be added into the systems or architectures. A recent

development on the characteristics of digital artifacts in IB argues that

digital artifacts can be reprogrammed to facilitate dynamic capabilities

in international expansion (Ojala et al., 2023). Similarly, AI literature

indicates that each module of AI architecture can be modified or dis-

crete if necessary to achieve its desired functionalities (Rahwan

et al., 2019).

In this section, we have provided a theoretical foundation for the

three constructed characteristics of AI. However, the question of how

managers will utilize these characteristics in IB to achieve responsible

production and consumption remains. In the following section, we

thus present our empirical insights into AI related to each of the three

characteristics and simultaneously develop possible future research

agendas. However, we went beyond our dataset to develop a

research agenda for managing AI in IB and achieving sustainable pro-

duction and consumption. We complement the empirical insights with

broader theoretical, conceptual, and empirical AI and IB research.

4 | MANAGING AI IN IB: EMPIRICAL
INSIGHTS AND TOWARD A RESEARCH
AGENDA

4.1 | Autonomy as a characteristic of AI: Empirical
foundation (N = 18)

4.1.1 | Managing autonomy in IB: Empirical insights

Autonomy aids decision-making to manage global value chains

Managers deal with uncertainty and risk factors in their everyday

decisions managing their global value chains. Against such challenges,

managers can deploy AI which can process information automatically

to make near-optimal decisions (Chen & Du, 2022). For example, man-

agers face uncertainty from risk factors emerging from commodity

price shocks and fluctuations in global markets. In this case, managers

can utilize AI models to make optimal decisions to hedge themselves

against price uncertainty, reduce risk, and increase firm performance

in global value chains (Ding et al., 2019).

Managers of firms that operate in global value chains also face

risk factors related to multi-echelon supply networks, which refers to

firms' inventories spanning multiple layers like sourcing, manufactur-

ing plants, warehouses, and markets in different countries (Kumar

et al., 2010). A firm in the automobile industry, like Volvo or Toyota, is

an excellent example of such a global value chain. Managerial uncer-

tainty in these firms emerges due to inherited risk factors cornering

international coordination, material flows, and market demand. Risk

factors may include late shipments, currency fluctuation, geopolitical

shifts, customs delays, transport breakdowns, natural disasters, prob-

lems with quality control, and global healthcare crises. AI seems help-

ful for managers to automatically adjust supply chain design that can

react to uncertainty arising from those risk factors, to some extent

(Kumar et al., 2010). Doing so allows managers to make optimal deci-

sions to manage inter-echelon quantity flow between suppliers' loca-

tions, warehouses, manufacturing plants, and distribution channels.

Therefore, near-optimal decisions and automation optimize interna-

tional operations and increase productivity and economic efficiency.

Autonomy optimizes international operations

Concerning productivity and economic efficiency with AI, managers

can solve complex problems and enhance business processes that

provide customized technological solutions for their global operations.

This AI-driven automation increases productivity, reducing waste,

labor cost, and workflow time, and increasing firm performance

(Sharma & Kumar, 2023). Additionally, intelligence automation seems

promising when it comes to improving profitability and labor produc-

tivity by reducing labor input costs, which enhances international

competitiveness. To illustrate, managers in Chinese manufacturing

firms use AI in product automation to increase efficiency. This man-

agement approach is central to upgrading their technological capabili-

ties that complement a highly skilled labor force and enhance

international competitiveness in the global value chain (Gao, 2023).

To further demonstrate, a study on Spanish manufacturing firms

revealed that AI-driven automation with robots enables higher labor

productivity, leading to better financial performance through export

sales to non-robotized firms (Ballestar et al., 2020).

Intelligence machines automatically crunch large amounts of real-

time data to optimize production processes, integrating the effective

coordination of complex value chains across borders (Kinkel

et al., 2023). As an example, managers can deploy AI-enabled com-

puter vision to detect production defects early and achieve real-time

production adjustment. Furthermore, managers can equip assembly

lines with AI to constantly monitor the production process and auton-

omously, which aids in reducing operational costs and automating

product testing (Yu, Fletcher, & Buck, 2022; Yu, Liu, et al., 2022).

Hence, managers can improve the quality of products and production,

automating tasks and thereby driving firms to relocate production

plants to their home countries (Kinkel et al., 2023; Stemmler, 2023).

Similarly, managers of manufacturing firms may increase productivity

with AI in just-in-time production systems.

In a just-in-time production system, goods must be delivered to

customers on time while minimizing inventory-related costs by main-

taining optimum inventory stock. In this case, selecting the right

sourcing partners and evaluating supplier performance is paramount

to scaling such a system to the entire value chain. Hence, managers
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can automate this selection and evaluation process with AI based on

critical criteria such as product quality, delivery time, and location

(Aksoy & Öztürk, 2011). Additionally, they can accommodate

sustainability-related criteria like energy efficiency, social welfare

investment, and cost reduction rate in the AI-based evaluation pro-

cess (Wang, 2022). Therefore, managers in manufacturing firms can

achieve economic goals while ensuring environmental and social well-

being.

Concerning environmental well-being, AI helps to manage

resources (e.g., energy, water, chemicals) efficiently during the pro-

duction process to carry out tasks in a totally autonomous or semiau-

tonomous way that maintains required outputs (Ferreira et al., 2023).

Put simply, it allows managers to reduce carbon footprints while main-

taining the quality and quantity of goods produced. Concerning social

well-being, empirical insights indicate that managers can increase

health and safety practices and improve factory workers' physical and

mental health by improving working conditions and automating

monotonous and routine tasks (Ferreira et al., 2023). However, AI-

driven autonomous or semiautonomous manufacturing processes also

raise the issue of replacing human labor with machines, which leads to

loss of employment and job displacement (Stemmler, 2023).

4.1.2 | Toward a research agenda: Managing
autonomy in IB to achieve sustainable production and
consumption

Control problems in internationalization decision-making

As previously noted, the autonomy of AI leads to business processes

being optimized and aids decision-making that efficiently helps to

manage global value chains. However, extant research in information

systems argues that managers' reliance on AI to automate tasks and

routines makes them increasingly dependent on it (Berente

et al., 2021). This adverse reliance effect may lead to control problems

that could have deleterious consequences. The control problem refers

to a human decision-maker's tendency to become complacent and

overreliant on the output of a reliable, autonomous system (Zerilli

et al., 2019). Such overreliance decreases unique human knowledge in

human–machine collaborative decision-making settings (Fügener

et al., 2021).

Management literature also demonstrates that such issues lead to

over trusting in human–machine interaction (Glikson &

Woolley, 2020). This evidence is consistent with an experimental

study in which humans blindly follow an autonomous agent in a life-

threatening situation (Robinette et al., 2016). Alarmingly, half of the

participants even observed that the given autonomous agent was not

functioning well during the experiment. This unexpected human

behavior indicates that managers' overreliance on AI to optimize IB

processes and decision-making without effective monitoring may

reduce situational awareness. Such effects hinder the detection of

potential system failures, thereby leading to disturbance in global

value chains and negatively impacting customer experience. Conse-

quently, how does machine autonomy alter human autonomy and

negatively affect internationalization decision-making in global value

chains? Why do some IB development managers (and not others)

overly rely on AI in their internationalization decision-making?

Further IB research on AI's control problems in decision-making

in the context of global value chains could add to ongoing debate on

human autonomy being influenced by machine autonomy (Murray

et al., 2021). More broadly, a fine-grained focus on the characteristics

of AI autonomy and its negative impacts on internationalization

decision-making could also be used in responsible decision-making to

ensure global sustainable production and consumption patterns.

Future Research Theme 1. Addressing AI in internation-

alization decision-making in IB research could offer critical

insights on managing the control problems that emerge

from decision-makers' overreliance on AI and altering

human autonomy to ensure sustainable production and

consumption.

Complexity to attribute responsibility and liability

Suppose that an accident happens when a fully autonomous vehicle is

in control. Who would be held responsible or liable for the damage

caused by AI in the absence of a human driver? This question also

applies to AI which is increasingly used to automate decision-making

or aid human decision-makers (Jobin et al., 2019). Furthermore, such a

question is relevant to any context of IB operations in which a human

decides or acts based on information provided by AI. The information

could be dubious due to the data sets used in training, human bias

inherent to the coding, and data encompassing discriminatory attri-

butes like race, ethnicity, religion, or nationality (Greenstein, 2022).

For example, an IB study demonstrates why managers stop interna-

tional expansions of AI solutions to ensure human well-being due to

an institutional void (absence of AI governance framework) in the host

country (Tatarinov et al., 2023). On the contrary, managers intention-

ally or unintentionally develop and deploy AI solutions to increase

user engagement and maximize economics of scale that may cause

significant harm to society. To illustrate, some AI-powered social

media platforms are notoriously debated for their deliberate system

design to increase end-user engagement. Such AI-curated digital solu-

tions lead to usage addiction, which has a negative impact on mental

well-being and toxic behaviors (Crawford & Smith, 2023). Therefore,

further IB research focusing on the institutional void in diverse multi-

country contexts (e.g., Rana & Sørensen, 2021) could be useful for the

heated debate on the emerging complexity of AI responsibility and lia-

bility (Bartneck et al., 2021). Consequently, to better understand this

phenomenon, the following research questions are of particular inter-

est. How do managers responsibly utilize AI in internationalization

while balancing economic scale and end-user well-being? How do

home-country institutions influence managers to maintain AI gover-

nance in the context of institutional voids in host countries? How do

managers navigate legitimacy development during the internationali-

zation of autonomous agents to minimize the complexity of responsi-

bility and liability?

More broadly, the perspective of attributing responsibility to

focus on AI autonomy that involves diverse actors (e.g., developers,

manufacturers, government agencies, insurance companies, and
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consumers) could assist the management of AI governance in multina-

tional corporations. This governance will also help with how to man-

age internationalization risks while fostering sustainable production

and consumption in global markets.

Future Research Theme 2. Incorporating an institutional

lens to attribute responsibility and liability in IB research

could offer critical insights on managing AI governance in

the context of diverse actors to ensure sustainable produc-

tion and consumption when utilizing AI in global markets.

Emerging international inequalities

Due to AI-driven changes in the global value chain, managers of

manufacturing firms originating from developed countries may recon-

sider relocating their production from emerging countries to their

home countries. This is due to routine and manual tasks being able to

be automated with robotic AI, making backshoring a viable option (Ahi

et al., 2022). The economic benefits of such backshoring initiatives

are, for example, enabling firms to be closer to customers, increasing

efficiency via shorter times to market, and reducing transportation

costs (Bertulfo et al., 2022). Advanced technologies like robotic AI

within the global value chain are negatively altering employability in

manufacturing in several developing economies (Bertulfo et al., 2022).

To provide concrete evidence, increasing managerial adoptions of AI-

driven automation in exporting countries has led to reduced employ-

ment in manufacturing sectors in Brazil (Stemmler, 2023). Therefore,

the adverse fear is that backshoring would reduce employment in

developing countries, thereby increasing global income inequalities

(Pinheiro et al., 2023; Studley, 2021). While there is relatively little

knowledge on how to manage this problem from an international per-

spective (Kopalle et al., 2022), IB literature highlights the challenges

along with recent global disruption and increased nationalist senti-

ments (Brakman et al., 2021; Del Giudice et al., 2023). Additionally, IB

literature tends to focus on the economic benefits of backshoring ini-

tiatives (Ahi et al., 2022). However, managing negative social conse-

quences is paramount to ensure global sustainable development.

Consequently, we urge IB scholars to examine questions such as:

to what extent does AI autonomy lead to relocation strategies? What

are the negative social consequences of AI-driven relocation strate-

gies in developing countries? How can managers reduce income

inequalities in host countries resulting from AI-driven reshoring of

their manufacturing plants? Does AI autonomy lead to income

inequalities within developed countries? Future IB research that

focuses on AI autonomy and relocation at the intersection of emerg-

ing economic equalities could improve management practices in

responsible manufacturing to maintain the economic benefits of host

countries.

Future Research Theme 3. Incorporating relocation

strategies and emerging economic inequalities to focus on

the autonomous characteristics of AI in IB research could

offer critical insights into managing sustainable production

and consumption to ensure the economic benefits of host

countries.

4.2 | Learning as a characteristic of AI: Empirical
foundation (N = 36)

4.2.1 | Managing learning in IB: Empirical insights

Learning aids internationalization decision-making processes

We see the value of AI-driven learning in firms through pattern recog-

nition and assisting managers concerning location choice. Managers

can use AI to augment decision-making in evaluating market attrac-

tiveness and the competitiveness of focal firms in overseas markets

(Dikmen & Birgonul, 2004). Such AI models aid managers in collecting

the most relevant data during international expansion and preparing

priority lists during strategic planning. The insight from the models

then informs managers about critical factors that increase the attrac-

tiveness of possible expansion—the availability of funds, market vol-

ume, economic prosperity, and country risk rating. However, not all

managers necessarily have experiential learning as many have never

operated in overseas markets.

AI-based learning may complement a manager's lack of experien-

tial learning in exploring international expansion possibilities and man-

agers can use AI in their market screening efforts. For instance, AI can

learn by crunching large amounts of data and generating insights from

external databases to focus on potential countries' international trade

at the intersection of focal firms' operating industries and product

classifications (Fish & Ruby, 2009). Managers can also prioritize target

locations, analyzing strategic country groups based on market attrac-

tiveness, firms' resources and capabilities, and customer-oriented

approaches (Hsieh et al., 2022). Once managers can prioritize target

countries or locations, AI-driven learning brings additional benefits to

location-focused market selection (Tsilingeridis et al., 2023).

Learning about different locations can help managers to select

suitable markets for international expansion. Existing literature con-

cerning AI-based learning at the intersection of market-selection deci-

sions focuses on two aspects. First, AI can help learn about

internalization advantage patterns (concerned with reducing transac-

tion costs) (Brouthers et al., 2009). It deals with the managers' location

decisions in firms originating in developed countries, like Germany

and the United Kingdom, and doing business in emerging markets,

such as Eastern European countries. The AI provides a predictive solu-

tion to a managerial choice that embodies firm-specific resources

(e.g., experience, proprietary knowledge), internalization advantages,

and target country characteristics (e.g., market potential, market risk).

AI-led learning via prediction solutions is an opportunity for better

subsidiary performance. Second, AI can be useful in learning about

the political risks of potential subsidiary locations in emerging markets

(Herrero et al., 2011). It deals with managerial risk factors in emerging

countries such as tax policy, security, and political stability, and the

given location can be compared with different countries worldwide.
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Learning about other critical aspects of location is also possible

with AI.

AI learning helps decision-makers to evaluate international expan-

sion location choices based on critical aspects such as financial lever-

age and geographical distance. For example, one study focusing on

Chinese manufacturing firms revealed that financial leverage has a

negative effect on location decisions (Huo & Chaudhry, 2021).

Another study focused on Chinese renewable energy and showed

that vegetation and distance to the power grid are the most important

predictors of solar photovoltaic installation location (Sun et al., 2023).

Such AI-driven priority lists of targets and strategic groupings of loca-

tions are helpful for managers to formulate relevant configurations in

the context of limited resources and experiential learning. Besides

market screening and selection, managers can use AI in market entry

decisions.

To this end, AI can deal with the ambiguity of human knowledge

conveyed through natural language to learn about political and social

risks by integrating foreign exchange rates and trade balances.

Accordingly, managers can deploy AI to assess country risk and assist

with international market entry decisions (Levy & Yoon, 1995). Such

learning can also be used in foreign direct investment decisions when

evaluating a country's potential for greenfield investment (Alon

et al., 2022).

Of particular note is that AI research on market entry decisions is

rare. However, there is an indication that AI-based learning can aug-

ment managers' decision-making when determining entry mode selec-

tion (Li & Li, 2010; Rodgers et al., 2022). For example, managers can

assess political risk during the internationalization decision-making

process by using AI (Rios-Morales et al., 2009). Such AI offers rela-

tively accurate and meaningful learning about target countries' politi-

cal instability. This then assists managers in deciding on foreign direct

investment.

Learning about the performance of entry mode choice

Learning about the performance of entry mode choice helps managers

to survive and further expand in foreign markets. Although a meager

amount of knowledge is available concerning the performance of

entry mode choice, AI has excellent potential. To illustrate, the

authors of a recent IB study suggest that AI-enabled learning may

enhance export performance by identifying foreign markets and

developing clientele (Neubert & Van der Krogt, 2018). Additionally,

managers can utilize AI to learn about merger and acquisition perfor-

mances in the operating industry. For instance, a study using an AI

method in the telecommunication industry examined whether a multi-

national enterprise becomes a serial acquirer (Navío-Marco

et al., 2020). Similarly, early IB research on AI also indicates that man-

agers can accurately learn to predict post-merger performance (Veiga

et al., 2000). Besides merger and acquisition performance, AI-based

learning also aids managers in evaluating the success of international

joint ventures.

Such evaluations can point to critical dimensions such as partner

commitment, product characteristics, and control (Hu et al., 1999).

Reflecting on foreign equity control, for instance, managers can use AI

to construct relationships between factors related to transaction cost

and ownership that lead to successful joint-venture performance. Fac-

tors may include the proprietary nature of assets, the host country's

environment, and cultural differences between host and home coun-

tries (Hu et al., 2004). Similarly, managers can utilize AI to learn related

and unrelated collaborative venture formation patterns based on the

potential collaborating partners' industry groups and home country

relatedness (Nair et al., 2007).

Learning leads to managerial capabilities

Managers can use AI-driven learning in predictive analytics which

develops managerial capabilities. To illustrate, managers can utilize AI

to predict firms' export potential to selected markets, focusing on

product competitiveness (Yu, Fletcher, & Buck, 2022; Yu, Liu,

et al., 2022). It is also possible to forecast export sales with higher

accuracy by integrating nonlinear interrelationships between sales-

related variables (Sohrabpour et al., 2021). Therefore, AI-driven learn-

ing helps managers to reduce transaction costs by optimizing supply

chain and production management and provides insight into future

sales, inventory control, and material flow. Besides export prediction,

managerial capabilities include predicting their corporate competitive-

ness, resilience, and internationalization performance.

Initial research on multinational enterprises reveals that AI models

can predict stock trends, thereby evaluating firms' corporate competi-

tiveness (Zong & Wang, 2022). Similarly, AI models can predict corpo-

rate resilience, which may guide managers in developing dynamic

capabilities to support their competitive advantage and create a port-

folio of competencies to be used during a crisis (Bughin, 2023). More-

over, research on Finnish small and medium-sized firms has shown

that AI models can predict the earliness of internationalization and

international performance, thereby evaluating capability portfolios

consisting of different firm resources such as managers' networking

abilities, bricolage capabilities, and decision-making heuristics

(Vuorio & Torkkeli, 2023). In addition to developing managerial capac-

ity through prediction, managers can deploy AI to learn about distance

and differences between markets.

Learning about distance and differences

Managers can deploy AI as exploratory tools to understand distance

and differences in firms' international expansion activities. Research

demonstrates that AI can unearth the underlying pattern of national

culture in a narrowly constructed interconnectivity such as cultural

compatibility in post-merger performance (Veiga et al., 2000), and

multicultural factors to understand customer requirements (Yan

et al., 2001). While national culture is a multifaced construct, its differ-

ences may not be adequately captured by any single trace or general-

ized label like “individualism” or “collectivism.” Additionally, nations

comprise of an almost infinite number of properties or patterns—some

of them are culturally universal (etic), and others are culturally specific

(emic) (Veiga et al., 2000). In this case, IB studies demonstrate that

managers can deploy AI to learn about cultural heterogeneity within

nations, focusing on individuals to draw on country-level differences

(Messner, 2022c). As an example, AI models can learn to trace cultural
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distance by crunching data on individuals' values embodying societal

and cultural beliefs and behaviors, even emotional brain systems

(Messner, 2022a, 2022b). Such learning enables managers to identify

similar cultural subgroups across counties and isolate nations with

notable cultural similarities. Besides learning about national cultures,

AI can be helpful to learn about differences within countries.

Managers can use AI to learn about micro-market segments

within subgroups (Ali & Rao, 2001). Such AI can compare and contrast

market segmentation structures in different countries using small

samples to foster relationship marketing. This learning about differ-

ences implies managing internationalization strategies via identifying

consumption patterns in foreign markets and detecting purchase

intention patterns within subgroups (Messner, 2022a; Migdał-Najman

et al., 2020; Sharma et al., 2022). For instance, small- and medium-

sized exporting firms may only target the same cultural subgroups

within heterogeneous nations that align with their product features or

functionality.

Given the proliferation of unstructured user-generated data on

social media, managers can deploy AI models to learn about potential

differences in consumer behaviors within countries and subcultural

groups. A study on Korean beauty products belonging to the

K-beauty subcultural group revealed that consumers have different

behaviors and consumption patterns (e.g., attractiveness

vs. avoidance) within a homogenous (based on religion) country group,

like Indonesia and Malaysia (Jung et al., 2023). Another study based

on millions of tweets collected from X (formerly known as Twitter) on

a given topic shows how consumer sentiments and emotions substan-

tially differ across countries (Schlegelmilch et al., 2023).

4.2.2 | Toward a research agenda: Managing
learning in IB to achieve sustainable production and
consumption

Privacy protection

As mentioned previously, AI needs data to learn. The widespread

usage of digital technologies enables firms to collect digital trace

data for learning. Unlike past information technologies, AI not

only learns from proprietary or internal data sources but also

from other or external data sources within and beyond organiza-

tions. Learning, therefore, confronts managerial issues like privacy

violations (Berente et al., 2021; Kopalle et al., 2022). For example,

Clearview's image recognition AI is notorious for using billions of

images from social media services across the globe without users'

consent (Hill, 2020). Such privacy violations are costly for end

users and firms alike, which leads to negative consequences. For

end users, the loss of privacy may lead to feelings of uneasiness

and powerlessness, loss of resources such as time or money, a

negative change in an individual's social relationships, and

restricted freedom of opinion and behavior (Karwatzki

et al., 2022). For firms, it may lead to a loss of customer trust

and pose reputational risk in foreign markets (Madan et al., 2023).

The intersection of privacy concerns and trust is becoming a

global issue with the rise of pervasive digital technologies,

particularly for firms minimizing risk and end users protecting

their privacy (Luo, 2022). While there has been minimal research

on AI and privacy in international contexts, early IB literature

shows that managing privacy during the internationalization of

digital solutions is paramount (Tatarinov et al., 2023).

Consequently, we propose that the following research questions

are particularly important to address in future studies. How do man-

agers ensure privacy protection during the international expansion of

AI solutions? How do national and cultural attributes shape the per-

ception of end users' privacy concerns about AI-enabled products?

How do managers comply with strong institutions (presence of tight

AI regulatory framework) in their home country to ensure privacy pro-

tection in host countries with weak institutions? How do the man-

agers of digital platforms legitimize privacy violations by utilizing

pervasive AI in foreign markets? To what extent does having privacy

protection by default affect the legitimacy of AI solutions during inter-

national expansion activities?

Future Research Theme 4. Incorporating privacy con-

cerns into AI learning in the various contexts of interna-

tional expansions in IB research could offer critical insights

on managing risk and end users' well-being that ensure

responsible production and consumption across borders.

Algorithmic inscrutability in decision-making

Previously, we argued that learning augments managerial decision-

making to demonstrate the economic value of AI in internationaliza-

tion. However, there is growing concern about broader managerial

and social implications, including negative consequences like unde-

tected biases that shape machine behavior (Asatiani et al., 2021;

Rahwan et al., 2019). However, AI is becoming increasingly complex

due to voluminous data being fed into algorithms and advanced com-

putational techniques used in learning. Consequently, AI is increas-

ingly inscrutable in its decision-making, which refers to opacity and

unexplainable aspects of AI systems (Asatiani et al., 2021; Berente

et al., 2021). Put simply, as AI learns more and grows in complexity, it

becomes harder for humans to interpret and explain its output. The

problem of algorithmic inscrutability affects not only naive end users

but also experts. Management literature provides evidence of how

experts' biases are transferred to machines via incomplete data and

coding (Sobolev, 2023). Although examining the inscrutability of AI

learning is gaining traction in other management domains (Lebovitz

et al., 2021; Rai, 2020), IB literature also suggests its importance to

achieve global sustainable development (Ciulli & Kolk, 2023). Interest-

ingly, empirical research in IB studies also echoes such “black box”
issues of AI learning (Veiga et al., 2000). We, therefore, call for a fur-

ther understanding of the phenomena from a cross-border manage-

ment perspective.

Future Research Theme 5. Incorporating algorithmic

inscrutability to focus on AI learning in IB research could

offer critical insights into managing transparency to opti-

mize business processes in IB operations and ensure sus-

tainable production and consumption.
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4.3 | Combinative as a characteristic of AI:
Empirical foundation (N = 31)

4.3.1 | Managing combinative in IB: Empirical
insights

Combinative allows reconfiguration of resources

Managers can utilize AI combined with the core functionality of exist-

ing products to enable new functionalities in the global marketplace.

For example, managers employ AI as a module for physical products,

like heavy trucks, to enable service provision, leading to productivity

and profitability for customers (Haftor et al., 2021). Such AI is com-

bined with other technological artifacts like the internet of things

(e.g., connected sensors in engines and gearboxes) that produce con-

siderable amounts of real-time data with low-latency monitoring

(Gooderham et al., 2022). This combinative capability automatically

generates insights based on vehicles' technical configurations, actual

usage, and the error code combinations that facilitate efficiency. Such

efficiency reduces fuel consumption and enables the predictive main-

tenance of vehicles.

The combinative approach enables managers to develop solutions

to self-analyze, proactively report problems, and take real-time correc-

tive action (Gooderham et al., 2022). Recent empirical evidence shows

that configuring autonomous vehicles requires many AI solutions, and

not all resources are owned by focal firms (Ji et al., 2020). Therefore,

managers must combine their existing AI resources with external ones

to produce and sell autonomous vehicles in international markets. This

recombination of external resources can be achieved through applica-

tion programmable interfaces to create new functionalities. Such

reconfigurations of resources drive business model innovation.

Business model innovation powered by combinative AI that learns

and automatically acts is an established phenomenon. For example,

Netflix and Spotify's streaming services continuously collect and learn

from data to detect usage patterns and predict users' needs and

wants. This learning about user consumption patterns allows man-

agers to deploy an AI-based recommendation engine as a separate

module. Such combinative AI automatically personalizes offerings in

real-time to gain efficiency. Similarly, early research on AI-driven busi-

ness model innovation demonstrates how managers create value for

focal firms and their customers (Haftor et al., 2021). Through AI solu-

tions that combine learning and autonomy, managers upgrade techni-

cal configurations to improve offerings. This combinative AI improves

over time with more learning, creating a virtuous circle of generating

value for customers. Such an approach automatically produces more

data and generates predictions based on usage data, leading to new

functionalities (Brynjolfsson et al., 2019; Sjodin et al., 2021). Besides

new functionalities, managers can also recombine AI to develop

dynamic capabilities.

Combinative develops dynamic capabilities

Managers can configure dynamic capabilities in international opera-

tions which combine existing organizing capabilities with new AI-

driven capabilities. For example, combining cooperative management

capability with AI-driven supply chain analytics enhances operational

and financial performance during global supply disruption (Dubey

et al., 2020). Together with other advanced technological artifacts like

the internet of things, AI can be used to improve export manufactur-

ing firms' strategy formulation process concerning supply chain resil-

ience (Ahmed et al., 2023). The process includes selecting optimal

routes, reducing energy consumption, inventory policy, and waste

reduction.

Configuring an AI-integrated customer relationship capability and

combining it with global customer support, automation, and knowl-

edge management improves firm performance in international market-

ing (Chatterjee et al., 2023). As an example of knowledge

management, managers can use AI in a two-layered inductive learning

procedure where two different modules assess international financial

risk in internationalization (Tessmer et al., 1993). Such AI with combi-

native learning capabilities identifies foreign companies' risk struc-

tures considering various economic environments. This AI learns from

national commonalities and differences while integrating an evalua-

tion scheme independent of national attributes. Managers can have a

richer yet relevant and concise decision structure to assess interna-

tional risk that helps with internationalization decision-making and

new investment opportunities.

Combinative aids expanding solutions internationally

The managerial approach is to embrace combinative AI with modu-

lar architecture facilitates expansion across different markets. Man-

agers expand digital solutions into markets via diverse combinations

of AI to target different customer segments and locations in home

and host countries (Sjodin et al., 2021; Tatarinov et al., 2023). The

ability to create such combinations leads to openness in the solu-

tions (Ozalp et al., 2022). Consequently, it reduces complexity in

deployment, yet managers can add new and novel functionalities

based on emerging needs in operating markets (Sjodin et al., 2021).

Additionally, the core functions of AI-driven solutions can be repli-

cated across borders with minimal customization (Oliva et al., 2022).

Furthermore, each part or module can be modified and recombined

with internal resources during internationalization (Tatarinov

et al., 2023). In this way, managers can add supplementary periph-

eral functions to solutions with any adaptations required to match

host countries' institutions, such as culture, norms, regulations, and

language. The following empirical evidence on language will provide

further clarification.

Managers can utilize automatic AI-based translation as a module

to combine with the core functionality of an existing solution during

internationalization (Karkaletsis et al., 1998). Such a module is

language-independent regarding host countries and can be used in a

multilingual setting to produce a user-tailored product interface in dig-

ital environments (Brynjolfsson et al., 2019). Furthermore, a multilin-

gual review system can be combined with existing infrastructure to

automatically read all user-generated reviews and learn about cus-

tomer sentiments (Liu et al., 2021). Hence, a managerial approach to

combine AI with extant organizational resources may reduce language

barriers in international expansion.
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Combinative fosters the international expansion of firms

Managers can combine AI to manage their international expansion

activities that address institutional barriers. A digital platform-based

firm like eBay is an excellent example, where managers deploy AI-

based machine translation modules to existing platforms. By adding

machine translation, managers increase exports and reduce

translation-related search costs and language barriers (Brynjolfsson

et al., 2019). The deployment of such AI can significantly increase

international growth (e.g., eBay increased exports by 17.5% in Latin

American markets, ibid). The application also demonstrates how AI

can reduce informal institutional barriers like language. Additionally,

the growth effect illustrates how managers can combine AI with other

resources in international expansion activities to increase economic

efficiency (Denicolai et al., 2021). However, managers can also embed

AI capabilities into digital solutions to facilitate firm internationaliza-

tion that aligns with formal institutional barriers like environmental

regulations.

Sticker regulations exist in many countries to protect the environ-

ment from fossil-based energy pipelines. Leaks in such pipelines

(e.g., oil and gas) imply a loss of material, damage to the environment,

and harm to living beings, including underwater. To illustrate, British

Petroleum's crude oil spill in the Gulf of Mexico in 2010 remains the

worst environmental event worldwide (Meiners, 2020) and many

countries subsequently imposed stricter laws to avoid such catastro-

phes. Therefore, an AI solution can be developed with satellite-based

technologies that match host countries' sticker laws on environmental

protection concerning detecting leaks in oil and gas pipelines in real

time (Oliva et al., 2022). It opens opportunities for managers to deploy

AI solutions that facilitate firm internationalization.

4.3.2 | Toward a research agenda: Managing
combinative in IB to achieve sustainable production and
consumption

Monopolistic competitive advantage in international expansion

We previously argued that managers utilize AI in combination with

other digital artifacts or organizational capabilities such as the internet

of things, machine translation modules, and satellite technologies.

There is no doubt about the economic benefits that managers bring

by using such AI. However, while we appreciate AI's combinative

capability, we also observe that this characteristic leads to monopolis-

tic behavior in firm internationalization (Ozalp et al., 2022;

Rikap, 2022b). Similarly, IB literature cautiously associates such a

managerial approach with monopolistic competitive advantages

(Ghauri et al., 2021), which are formed through learning about end-

user behavior and automatic actions.

Managers of successful companies like Amazon and Uber are

front-runners in such an approach (Banalieva & Dhanaraj, 2019;

Rikap, 2022a). For example, AI-led dynamic pricing modules in digital

platforms automatically learn usage behavior and offer customized

prices to end users, thereby maximizing efficiency and profit

(Moghaddam et al., 2020). Consequently, Amazon has been accused

of illegally exploiting monopolistic competitive advantages through

predatory behavior (Clayton & Espiner, 2023). Our observation is rein-

forced by empirical evidence on how managers innovate new data-

driven combinative AI, including search engine capabilities, dynamic

pricing, order fulfillment robots, and personalized recommendation

modules (Rikap, 2022a). Similarly, managers of the State Grid Corpo-

ration of China reconfigure the energy industry toward clean energy

and the smart grid with combinative AI in which monopolistic compet-

itive advantages facilitate firm internationalization (Rikap, 2022b).

Therefore, we recognize the importance of further investigating man-

aging AI's combinative characteristics at the intersection of gaining

monopolistic competitive advantages.

Future Research Theme 6. Incorporating AI's combina-

tive characteristics to focus on monopolistic competitive

advantages during firm internationalization in IB research

could offer critical insights on managing AI to achieve

global sustainable development.

Bundling firm-specific assets for social good

Reflecting resource reconfiguration, the combinative characteristics of

AI present opportunities for IB research to focus on constructing AI-

driven firm-specific assets that balance between economic and social

goals (Tatarinov et al., 2023; Verbeke & Hutzschenreuter, 2021).

Firm-specific assets are central to firm internationalization and refer

to knowledge bundles, including intangible assets, learning capabili-

ties, technological [digital] capabilities, and privilege relationships

(Rugman & Verbeke, 2001; Verbeke & Hutzschenreuter, 2021).

Suppose that managers from a fast-moving consumer goods com-

pany use AI together with a fusion of satellite imagery and environ-

mental data like climate, soil, and topographical information in their

sourcing activities (Shendryk et al., 2021). With this firm-specific bun-

dling capability, they optimize business processes and management

decisions with higher certainty that will minimize search and opera-

tional costs while achieving sustainable production. Additionally, man-

agers can assess damaging environmental impact hotspots within

their value chain networks to reduce their carbon footprint and inter-

vene as required. For example, AI combined with satellite-based Earth

observation (monitoring changes of land, marine, and atmosphere)

and subnational production data can assist managers in making

responsible sourcing decisions (Moran et al., 2020). Managers will also

be able to detect illegal and unsustainable uses of resources in fishing

or farming. As an example, managers can face a decision to source soy

from Brazil's northern production regions, often linked to deforesta-

tion, versus southern regions linked to existing agricultural zones. Sim-

ilarly, managers of a global fashion chain like H&M can identify

environmentally polluted hotspots caused by sourcing partners in

Bangladesh and make managerial decisions accordingly (Chaturvedi,

2019). Therefore, managerial knowledge of the exact location of sus-

tainability risk hotspots in a particular supply chain within the value

chain networks is paramount. However, contemporary IB literature on

the global value chain intersecting digitalization has yet to recognize

such firm-specific assets (Kano et al., 2020; Strange & Zucchella,

2017). Early research in IB revealed recombinant firm-specific assets

that combine AI and Earth observation capabilities and allow
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managers to create replicable solutions across locations (Tatarinov

et al., 2023). This combinative approach opens opportunities to aug-

ment global value chains to ensure environmental and social well-

being.

Future Research Theme 7. Incorporating AI's combina-

tive characteristics to construct firm-specific assets that

balance economic and social goals in firm internationaliza-

tion in IB research could offer critical insights on managing

AI-driven firm-specific assets to achieve sustainable pro-

duction and consumption.

5 | DISCUSSION AND CONCLUSION

Based on a critical realism view and direct content analysis of

85 empirical research papers published on AI in multiple disciplines,

this study contributes to our understanding of AI in the context of IB

in several ways. First, this study contributes to IB literature by reveal-

ing three characteristics of AI, namely autonomy, learning, and combi-

native. We elaborate on how managers can utilize these

characteristics for international expansion and how these characteris-

tics facilitate IB management for sustainable development. We found

that AI can enable responsible consumption and production world-

wide and help achieve SDGs, but only if we have effective manage-

ment strategies, policies, and institutions to support their use.

Otherwise, they can have opposite, deleterious effects, hindering

SDGs. Second, we show how managers can utilize AI characteristics

to achieve economic goals in international expansion activities. This

provides a working framework for firms to manage AI in international

markets. However, we found that current empirical research tends to

focus on economic goals, which is problematic when it comes

to SDGs. Third, we contribute to the multidisciplinary research on AI

and elaborate on how it can be applied to deal with global sustainable

development (Jobin et al., 2019; Rahwan et al., 2019; Vinuesa

et al., 2020). In international contexts, very limited knowledge exists

at the intersection of AI and the sustainability agenda. Therefore, we

demonstrate that IB as a research discipline can play a central role in

AI research to work toward global sustainable development. To

achieve this, managing AI in IB operations to balance economic, tech-

nical, and societal goals is paramount. Fourth, we propose future

research directions and highlight research questions and themes that,

grounded in current knowledge, are important for achieving a more

profound understanding of AI in IB and its usage for sustainable pro-

duction and consumption (SDG #12) internationally.

5.1 | Managerial implications

The insights from our research have significant and timely practical

implications for managers. Our study also has important implications

for managing AI to automate business processes, learn about markets,

and combine resources in international expansion activities. For auto-

mation, managers may not want to rely too much on AI in their

decision-making to avoid control problems. Instead, intelligence auto-

mation can be used to construct systemic capabilities that comple-

ment human limitations. Since AI can process voluminous information,

it can augment human employees' cognitive limitations on data collec-

tion and interpretation (Murray et al., 2021). Additionally, managers

must remember humans are very adept at employing their experiential

learning, heuristics, and imagination to solve problems. On the other

hand, AI may lack empathy, cultural intelligence, and contextual

understanding. Therefore, we encourage managers to utilize AI strate-

gically in IB operations to empower and augment employees rather

than replace them.

As it relates to learning, the insights of our study point to the

imperative of data-driven managerial capabilities through prediction

and algorithmic inscrutability in internationalization decision-making.

There are growing tensions around complex AI that can be used to

learn about end users and manipulate human behavior for profit

(Berente et al., 2021; Rahwan et al., 2019). Such AI applications may

violate the fundamental right of humans to decide on their free will

(European Commission, 2019). Respecting human autonomy, man-

agers must guide responsible AI initiatives (translating ethics into prac-

tice) to process data, construct algorithms, train models, and utilize AI

to be inclusive, accessible, and transparent (Rakova et al., 2021). Being

responsible managers, they must act to comply with human rights and

privacy protection by default. Such responsible AI initiatives in inter-

national markets would allow managers to safeguard their organiza-

tions against reputational, legal, and regulatory risks (Bartneck

et al., 2021; Luo, 2022). In this way, managers can more effectively

develop learning capabilities in their internationalization decision-

making while protecting human rights.

Regarding the combinative approach, our research suggests that

managers can reconfigure resources to gain competitive advantages

through hybrid human–machine collaboration. In this case, managerial

falsifiability is deemed necessary to empirically test the decision out-

put in intended use cases if harmless to humans and safe to do so

(Floridi et al., 2020). We argue that falsifiability is essential to ensure

the legitimacy of the AI-aided decision-making process and AI deploy-

ment in the global value chains that embody ethical principles

(Bartneck et al., 2021; European Commission, 2019). Once an AI sys-

tem is ready for deployment, constant falsifiability and taking incre-

mental steps is crucial. This would allow managers to critically reflect

on operating context or institutions (e.g., norms, value judgment, cul-

ture) and detect unintended negative consequences at early stages

(Hasan et al., 2021; Rahwan et al., 2019). Consequently, managers

would be able to make changes to AI systems to ensure local respon-

siveness while reconfiguring resources. In summary, we advocate for

repeated falsifiability and incremental deployment of AI in interna-

tional expansion activities.

5.2 | Limitations of the study and additional
directions for future research

We acknowledge certain limitations in this study that are important to

consider. First, the literature concerning the intersection of AI and IB
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is still in a nascent stage, necessitating further empirical studies to

comprehensively cover the phenomenon. Specifically, the papers

examined in this research were sourced from various scientific fields

with only a few concentrating on AI's utilization in a firm's interna-

tional activities or internationalization. Consequently, this knowledge

gap provides development opportunities. Further fine-grained empiri-

cal analysis can be done to combine dimensions of a firm's interna-

tional activities, which we argued in our study. For example, IB

scholars can focus on aspects like managing AI-driven dynamic capa-

bilities and bundling firm-specific assets for social goods, benefitting

from economics of scale while reducing carbon emissions and air pol-

lution (Ercan et al., 2022). Other opportunities lie in AI-driven learning

about consumption patterns in distance markets that protect con-

sumers' privacy, which reduces the liability of foreignness or comple-

ments a managerial lack of experiential learning (Johanson &

Vahlne, 2009; Zaheer, 1995).

Second, by recognizing the limitation concerning the absence of

direct knowledge, IB scholars could also employ a similar methodolog-

ical approach (qualitative directed content analysis) in other contexts

to derive novel insights into IB. For example, researchers could exam-

ine AI's autonomy at the intersection of managing sustainable global

value chains (Dimitropoulos et al., 2023), and human–machine com-

plementarity versus the fear of replacement in international manage-

ment (Man Tang et al., 2022). Similarly, future research can explore

AI's learning perspective regarding data-driven strategic resources in

global expansion (Hartmann & Henkel, 2020) and international sports

sponsorship management (Koronios et al., 2021). Furthermore, IB

scholars could also extend AI's combinative aspects on the human

augmentation versus augmenting automation debate (Raisch &

Krakowski, 2021; Tschang & Almirall, 2021), human–machine collabo-

ration that conjointly learns (Lyytinen et al., 2021; Murray

et al., 2021), and modular products architect to facilitate firm interna-

tionalization (Habib et al., 2020; Ojala et al., 2018).

Third, due to the extensive scope of the articles reviewed, there

is always a possibility that significant works could have been over-

looked. As the field matures and more direct knowledge becomes

available on this phenomenon, employing a systematic literature

review could reinforce and further develop the findings of this study.

Fourth, the empirical insights naturally limited us to covering

embedded AI1 and production-related issues. Consequently, we could

not bring widespread insights to other types of AI (e.g., robotic AI)

that are generally utilized in consumer-centric activities in different

cultures (Hermann, 2022; Lim et al., 2021). Therefore, we suggest

extending our research to focus on the perspective of responsible

consumption in IB. For instance, future research can focus on AI's

autonomy to examine deception and manipulation during consump-

tion through cross-country analysis (Kaminski et al., 2017; Sharkey &

Sharkey, 2021). Similarly, IB scholars can extend the autonomy per-

spective to examine how consumers anthropomorphize AI differently

(relating machine to human ability) and develop control problems

across national cultures (Duffy, 2003; Lim et al., 2021).

Fifth, reflecting on our sociotechnical view of AI to balance

between economic and social goals, we could not bring a wide

perspective of environmental goals. Therefore, IB researchers can take

another view of managing AI to achieve SDG #12. We see value in

further developing our findings by taking the dynamic capabilities or

extended value chains perspective to balance economic and environ-

mental goals. Researchers can employ the dynamic capabilities view

to focus on AI-enabled circular business model innovation (Sjödin

et al., 2023) or the extended value chains perspective to focus on AI-

driven circular economy in IB operations (Chabowski et al., 2023).

Finally, the limited capacity of humans to process a large amount

of information makes it possible for us to overlook hidden patterns

when analyzing textual data. Our combinative argumentation suggests

that IB scholars can reinforce these findings by complementing them

with an AI system. For instance, future research could use the Micro-

soft AI-powered Copilot embedded into Bing chat to analyze textual

content. Researchers can extract only text related to empirical insights

and conduct intra-content comparisons with careful prompt engineer-

ing. They can then systematically combine their insights with the pat-

terns identified by AI to construct emerging characteristics of AI and

dimensions of IB management. Such a combinative approach will pro-

vide a methodological contribution concerning directed content analy-

sis in IB research and further develop the findings of our study.
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throughout the paper to refer to both complex and simple computational

systems used to make decisions and reflect on their embodied represen-

tations. Such representations include robotic AI (e.g., industrial or

humanoid robots), virtual AI (e.g., chatbots), and embedded

AI (e.g., autonomous vehicles).
2 Of particular note is that, unlike a systematic literature review, our

detailed explanation of data collection to construct the dataset is for

transparency and authenticity rather than arguing for replicability and

reproducibility.
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APPENDIX A: Search protocol

(i) Search strings/sets of keywords

#1: List of search words related to artificial intelligence #2: List of search words related to international expansion and cross-border

perspective

(“artificial intelligence” OR “AI” OR “artificial intelligence systems”
OR “AI system*” OR “AI agent*” OR “Generative AI” OR

“autonomous and intelligent system*” OR “autonomous system*”
OR robot* OR chatbot OR “conversational AI” OR “voice
assistant” OR “virtual assistant” OR “digital assistant” OR

“autonomous product*” OR “autonomous vehicle*” OR “machine

learning” OR “deep learning” OR “neural network” OR “natural
language processing” OR “large language model” OR “AI-based
model” OR “computer vision” OR “responsible AI” OR “AI ethics”
OR “AI for social good” OR AI4SG)

(“international expansion” OR “global business expansion” OR

internationalization OR “internationalization decision*” OR “global
expansion” OR globali?ation OR “overseas expansion” OR “international
strateg*” OR “global strateg*” OR “firm-specific advantage*” OR “firm-

specific asset*” OR “international business” OR “international
entrepreneurship” OR “international market*” OR “global market*” OR

“cross-cultural market*” OR “international management” OR “cross-
cultural management” OR “multinational enterprise*” OR “multinational

corporations” OR “multination business enterprise*” OR “internationalized
small and medium-sized” OR “internationalization of small and medium-

sized” OR “internationalization of SMEs” OR “international SMEs” OR

“SME internationalization” OR “international joint venture*” OR “born-
global firm*” OR “born-digital firm*” OR “born global and digital” OR

“international venture” OR “born global” OR “international business
networks” OR “international new venture*” OR “location choice” OR

“entry mode*” OR “international partner” OR “international firm*” OR

“global firm*” OR “international company*” OR “global company*”OR

“global value chain*” OR “international supply chain” OR “global supply
chains” OR “international operation*” OR “global operation*”)

(ii) Advanced searches in databases

We used each search string separately in the databases and saved searches as #1 and #2, respectively, with such functionality. We then combine both

with the ‘AND’ Boolean operator (#1 AND #2). Otherwise, we used both sets of keywords with the ‘AND’ Boolean operator in one go. More

details can be found below

Web of Science (Web of Science Core Collection):
1) TS = (“artificial intelligence” OR […]): Search output saved as #1

2) TS = (“international expansion” OR […]) Search output saved as

#2

3) Combined search: #1 AND #2

Note: The search extracted records N = 631

Scopus:
1) TITLE-ABS-KEY (“artificial
intelligence” OR […]): Search
output saved as #2

2) TITLE-ABS-KEY (“international
expansion” OR […]): Search output

saved as #2

3) Combined search: #1 AND #2

Note: The search extracted records

N = 844

ProQuest (ABI/INFORM
Collection):

Combined search: (“artificial
intelligence” OR […]) [All abstract

& summery text]

AND (“international expansion” OR

[…]) [All abstract & summery text]

Note: The search extracted records

N = 218
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Abstract 

Anthropomorphism, the attribution of human-like 
traits, qualities, and mental states to non-human 
agents, is increasingly ubiquitous in artificial 
intelligence (AI) applications within service 
provisions. While imbuing anthropomorphism into 
AI agents enhances user interaction, it also has a 
dark side that poses significant ethical concerns by 
potentially causing harm to consumers. In response, 
our study constructs a framework to explain how 
anthropomorphic features in AI agents can lead to 
misplaced trustworthiness among consumers. We 
adopt a sociotechnical perspective and employ a 
case study design to achieve this. Our findings hope 
to advance the social sustainability of AI to promote 
responsible production and consumption patterns in 
global service markets. 

Keywords: Artificial intelligence; service; 
Anthropomorphism; Misplaced trust; Ethics  

1. Introduction  

Anthropomorphism is becoming central to 
human-machine interaction as organizations 
increasingly induce human-like traits into artificial 
intelligence (AI)-enabled advanced IT artifacts. 
These anthropomorphized AI artifacts are becoming 
ubiquitous in service provisions (Blut et al., 2021; 
Hasan et al., 2021; Schanke et al., 2021). However, 
AI agents designed with anthropomorphic features 
have a dark side that negatively impact service 
consumption and trustworthiness (Kegel & Stock-
Homburg, 2023; Knof et al., 2022).  
A dire example of this dark side is highlighted in 

an investigative report on numerous crashes and 
fatalities linked to Tesla’s autopilot (Marshall, 
2024). Specifically, AI agents embedded in Tesla’s 
autopilot that offer autonomous driving capabilities, 
have misled consumers into overly relying the 

system’s capabilities, resulting in misplaced 
trustworthiness. Similarly, a recent AI research on 
sustainability urges to focus on how consumers 
anthropomorphize autonomy, which can lead to harmful 
consequences (Hasan & Ojala, 2024).  
Existing literature suggests that imbuing 

anthropomorphic features, such as autonomy, to AI 
agents can distort consumer behavior when 
trustworthiness is misplaced (Gill, 2020; Waytz et al., 
2014). Furthermore, service organizations may 
deliberately utilize anthropomorphic features to exploit 
or mislead consumers by triggering anthropomorphic 
reasoning and perception (Jörling et al., 2019; Leong & 
Selinger, 2019). For instance, organizations can use AI 
agents to change consumers’ attributions of 
responsibility for service failures. These concerns have 
motivated a focus on the dark side of AI 
anthropomorphism. 
 By taking a consumer-level perspective in service 

provisions, we problematize trustworthiness to offer 
valuable insights for information systems and service 
research (Alvesson & Sandberg, 2011; Bartneck et al., 
2021). This urgency to protect consumers’ wellbeing 
from potential physical or psychological harm is 
paramount. This aligns with the AI Act that is designed 
to mitigate risks posed by AI agents (European 
Commission, 2024). In this context, we define service 
provisions to include consumer interactions with 
products or services whose functionality is enabled by 
the AI agents (e.g., Google Search Engine, Microsoft 
Copilot), as well as AI agents intended to be used as 
safety components of products or services (e.g., Tesla’s 
Autopilot, Replika). In some case, AI agents may 
operate at full capacity, while in others, their capabilities 
may not be fully apparent in their behavior.  
The dark side of AI anthropomorphism in service 

provisions is a critical topic. However, systematic 
investigations that explore the intersection of 
anthropomorphic features and misplaced trustworthiness 
are limited (Bartneck et al., 2021). This is worrisome, as 
service organizations can potentially cause significant 
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harms to consumers through deceptive techniques 
and by exploiting vulnerabilities (Danaher, 2020; 
Sharkey & Sharkey, 2020). In response, we pose the 
below research question: How do anthropomorphic 
features enable consumers’ misplaced 
trustworthiness in AI agents within service 
provisions?  
This study makes three significant contributions. 

First, it constructs a framework to explain how 
machine-related factors (e.g., hidden or superficial 
deceptive techniques) and consumer-related factors 
(e.g., age-related vulnerabilities) in anthropomorphic 
design features can deceive and manipulate 
consumers, leading to misplaced trustworthiness. 
Second, we outline practical implications for service 
organizations and policymakers to mitigate the risks 
associated with AI agents that align with the 
European Commission’s AI Act. Finally, we propose 
pressing future research opportunities on the ethical 
aspects of AI anthropomorphism that emphasize the 
need for transparency and an international business 
perspective. 

2. Research background 

While AI anthropomorphism is a burgeoning 
research area, there is limited direct knowledge about 
its dark side within information systems and service 
research (Schanke et al., 2021; Jörling et al., 2019). 
To address this gap, we provide a backdrop of the 
dark side of AI anthropomorphism through 
problematization (Alvesson & Sandberg, 2011). We 
then direct insights towards a sociotechnical thinking 
of AI (Berente et al., 2021; Hasan & Ojala, 2024). 
Our abstraction is drawn from existing theoretical 
and empirical research that relates to service 
provisions, either implicitly or explicitly.  
Accordingly, we construct anthropomorphic features 
that emphasize consumer-level analysis rather than 
firms-level analysis. We link these features-specific 
insights to consumer wellbeing. Consequently, our 
sociotechnical argumentation embodies the ethical 
aspects that intersect anthropomorphic features of AI 
(Bartneck et al., 2021; Hasan et al., 2021). 

2.1 What is AI anthropomorphism? 

From a sociotechnical standpoint, AI is defined 
as the frontier of computational advancements to 
address complex decision-making problems with or 
without human intervention (Berente et al., 2021; 
Hasan & Ojala, 2024). Organizations deploy AI-
driven advanced IT artifacts in service provisions 
that have embodied representation (Glikson & 
Woolley, 2020). Hereafter, we use AI agents to 
delineate embodied representation of AI-driven 

advanced IT artifacts that imbue anthropomorphic cues 
and include robotic AI like humanoid robots, virtual AI 
like chatbot, and embedded AI like self-driving 
capabilities (Hasan & Ojala, 2024). 
The imbuing anthropomorphic features into such AI 

agents makes them perceived like social entities and 
influences trustworthiness among consumers (Glikson 
& Woolley, 2020; Hasan, et al., 2021). Therefore, AI 
anthropomorphism can be defined as consumers’ 
tendency to imbue humanlike characteristics, intentions, 
qualities, and mental states to AI agents. 

2.2 Anthropomorphic features of AI agents  

Anthropomorphic features denote the human-like 
cues imbued into AI agents that can be broadly explained 
into physical and behavioral features. 
Physical anthropomorphic features represent AI 

agents’ complete or partial physical resemblance similar 
to a human body that include anatomy and structure. 
They can be broadly divided into appearance and 
embodiment. Appearance involves with outside image 
of AI agents, such as their face, gender, and shape, and 
how they look. For instance, an avatar appears as Asian 
male (see https://soulmachines.com). A human-like 
appearance can trigger a schema in consumers’ 
perceptions to make them perceive AI as social entities. 
However, service organizations can use varying level of 
appearance to alter consumption patterns (Mende et al., 
2019). 
Embodiment concerns the multisensory bodily 

representation of AI agents that resembles the physical 
structure of living beings. For instance, a robot looks 
gender-neutral that moves and holds like a human (see 
https://1x.tech). While appearance simply involves the 
outer look, embodiment relates to how consumers sense 
and perceive AI agents’ bodily representation. However, 
embodiment significantly affects relationship building 
and has ethical implications (Vitale et al., 2018). 
Behavioral anthropomorphic features involve 

imbuing AI agents with non-visual human 
characteristics and capabilities. They can be broadly 
divided into interactivity and autonomy. Interactivity 
refers to AI agents’ ability to engage in reciprocal, two-
way communication, and real-time synchronicity 
(Burgoon et al., 2000). For example, a chatbot designed 
to engage in human-like conversation (see 
https://openai.com/chatgpt). The interactive capabilities 
of AI agents shape consumers' perceptions and 
behaviors (Schanke et al., 2021). 
Autonomy denotes the AI agents’ ability to achieve 

goals without human intervention that highlights their 
logical reasoning and self-navigating capabilities. For 
example, a car is designed to have a self-driving 
capability (see https://waymo.com). In service settings, 
AI agents that understand consumer behavior, learn from 
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experience, and demonstrate knowledge raise ethical 
dilemmas like altering blame attribution (Fosch-
Villaronga et al., 2020; Gill, 2020). 
Based on forehead insights into anthropomorphic 

features, we now turn to the dark side from a 
misplaced trustworthiness perspective. 

2.3 A misplaced trustworthiness perspective   

Trustworthiness is a multi-faceted concept in 
human-machine interaction (Glikson & Woolley, 
2020; Ullrich et al., 2021; Waytz et al., 2014). It 
pertains to the degree of confidence consumers have 
in the actions of AI agents and their feelings towards 
these agents, regardless of their ability to monitor 
them. Trustworthiness in AI agents is a central 
relational element for social acceptance and the 
intention to use them in service settings (Kegel & 
Stock-Homburg, 2023). However, it can be 
problematic when consumers’ trustworthiness in AI 
agents are misplaced (Bartneck et al., 2021). To 
articulate this issue, we draw insights from three 
established theoretical lenses that also encompass 
recent developments in information systems and 
service literature (Knof et al., 2022; Zheng & 
Jarvenpaa, 2021). 
The ‘computers are social actors’ paradigm 

posits that people apply social behaviors to machines 
when they exhibit human-like visual appearance and 
behavior (Reeves & Nass, 1996). Consequently, 
consumers tend to anthropomorphize AI agents 
mindlessly due to their anthropomorphic features 
(Knof et al., 2022). However, this automatic 
response raises ethical concerns about shaping 
consumers’ trustworthiness in AI agents (Kegel & 
Stock-Homburg, 2023). Therefore, we argue that AI 
anthropomorphism distorts consumer behavior that 
potentially impedes their ability to make decisions 
aligned with their conscious desires and goals. 
Additionally, consumers’ limited information 
processing capabilities reinforce ethical concerns to 
impair informed decision-making (Mele et al., 2021). 
The three-factor theory of anthropomorphism 

provides a theoretical lens to describe the process of 
anthropomorphism (Epley et al., 2007). The theory 
asserts that humans enhance their interaction 
experiences with other social entities through 
inductive inferences related to their elicited own 
knowledge, effectance needs, and sociality needs. 
Similarly, consumers rely on their self-concept 
during interactions with AI agents, drawing from 
existing knowledge about themselves or other 
humans (Zheng & Jarvenpaa, 2021). However, 
tapping into such inferences is problematic. For 
instance, elicited agent knowledge and sociality 
motivation prevent consumers from recognizing 

dishonest anthropomorphism in AI agents, thereby 
distorting privacy concerns (Benlian et al., 2020; Leong 
& Selinger, 2019). Therefore, we maintain such 
dishonest features facilitate the development of 
trustworthiness that distorts consumer behavior. 
The mind perception hypothesis suggests a 

tendency to attribute mind to non-human agents or non-
living entities in two dimensions: agency and experience 
(Gray et al., 2007). Agency implies the capability of 
rational thoughts, while experience indicates the ability 
to have pain, emotion, and feelings. AI agents that signal 
human-like mental capabilities develop trustworthiness 
among consumers to an extent that distorts their moral 
reasoning and behavior (Gill, 2020; Waytz et al., 2014). 
A critical consequence of attributing a mind to AI agents 
is that consumers perceive them as a moral agent. Hence, 
we contend that such misplaced trustworthiness alters 
consumers’ responsibility and blame attribution towards 
service organizations. 

3. Methodology 

In our research process and reporting, we go beyond 
existing methodological template and writing genres 
(Avital et al., 2017). We embrace our value judgments 
and imagination in knowledge production that embody 
critical realism as an underpinning philosophy (Bhaskar, 
1978; Mingers, 2004). Consequently, such research 
approach changes the dynamics of quality assessment of 
our study (Grover & Lyytinen, 2015).  
Research design Our study employs a qualitative 

single contextualized explanation case study design 
(Welch et al., 2011). It is an appropriate research design 
given that we aim to explain the phenomena of the dark 
side of AI anthropomorphism and contextualize research 
findings within service provisions. The unit of analysis 
is the utilization of anthropomorphic features in AI 
agents that enable misplaced trustworthiness among 
consumers. Accordingly, our empirical observations 
focus on consumers who interact with AI agents in 
service settings. Through iterative construction, we 
develop a case of consumers’ misplaced trustworthiness 
in AI agents within service provisions. 
Data sources We corroborate with interviews data 

and exiting knowledge on AI anthropomorphism (Miles 
et al., 2014; Sarker et al., 2013). Using a revelatory 
sampling logic, we recruited participants (experts and 
consumers) via LinkedIn and internal networks. 
Participants include experts with AI-related experience 
in industry and/or academia, and consumers who 
regularly interact with AI agents. To capture diverse 
experiences, interviewees varied in their interaction with 
AI agents, gender, professions, and nationality (see 
Table 1). We conducted 14 interviews via Teams/Zoom 
and face-to-face between May and June 2021, each 
lasting around 20 to 70 minutes. We used two separated, 
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yet interrelated question guides for experts and 
consumers, asking about their views and experiences 
with AI agents and potential ethical concerns. 

Table 1. Qualitative interview sample description 

Identifier Age Gender Country of origin 
[resident] 

Types of experiences 

Interview type: Consumer 
C1 24 M Anonymous 

[Australia] 
Virtual + robotic AI—
Smart home and 
financial service 

C2 36 F China [Australia] Robotic AI—Smart 
home and child learning 
service 

C3 37 F Iran [Australia] Embedded + virtual 
AI—navigation and 
smart living 

C4 30 M Pakistan [United 
Arab Emirates] 

Virtual AI—Service 
inquiry 

C5 22 M Australia [same] Embedded + virtual 
AI—Smart home and 
recruiting service 

C6 27 F China [same] Robotic AI—Smart 
home and service 
delivery 

C7 25 M United States 
[same] 

Embedded + virtual 
AI—service inquiry and 
autonomous driving  

Interview type: Expert 
E1 35 F Brazil [Australia] Embedded + virtual 

AI—Senior data privacy 
consultant and users of 
smart home 

E2 26 F France [Germany] Robotic + virtual AI—
Young researcher on AI 
ethics and online games 

E3 37 M Singapore 
[Australia] 

Virtual AI—Young 
researcher on AI and 
service 

E4 25 F Mexico [same] Embedded AI—AI 
developer and tech 
philosopher 

E5 54 M United Kingdom 
[New Zealand] 

Virtual AI—Senior AI 
scientist and developer 

E6 26 M Germany [same] Embedded AI—AI 
developer and 
entrepreneur 

E7 59 M Thailand [same] Robotic + embedded 
AI—Senior tech 
philosopher 

Analytical approach We employed a 
configurational theorizing approach that involves 
three interconnected stages of casing (Furnari et al., 
2021). Initially, we used scoping to identify relevant 
anthropomorphic features as an anchor that may 
plausibly form configurations leading to misplaced 
trustworthiness. We then aggregate these features 
into higher-order construct through abduction that 
combine our observation, insights from interviews, 
and existing knowledge on AI anthropomorphism. 
Subsequently, we applied linking to specify how 
these features relate within specific configurations 
and constantly seek patterns of interdependencies 
(contingency or complementarity) among features 
leading to the outcome. We explored multiple 
explanatory factors (absence and presence) to 

explain the mechanisms behind misplaced 
trustworthiness. Finally, we used naming to abstract 
configurations to link orchestration themes and 
articulate overarching narrative in simple terms. Overall, 
our theorization recursively went back and forth between 
literature and interview data until the completion of this 
paper. 

4. Discussion of findings 

4.1 Undesired outcome of misplaced 
trustworthiness 

In service provisions, we postulate that the undesired 
outcome of misplaced trustworthiness towards AI agents 
occurs when consumers trust an AI agent seemingly 
beyond its actual capabilities and tend to form social 
relationship with it. For instance, robotic AI can be 
equipped with thermal sensors to enable to see through 
walls, lip-reading abilities, or powerful hearing 
capabilities. Additionally, such AI agents can be 
connected to service providers’ marketing insight cloud 
that covertly mines consumer behavior to offer 
personalized services. Consequently, AI agents’ 
anthropomorphic features create human-level 
expectations and obscure predictions about their hidden 
capabilities, triggering misplaced trustworthiness. As a 
result, consumers may not fully trust AI agents but still 
reveal and share sensitive information to access desired 
services. This paradoxical behavior is evident among 
consumers, as illustrated follows: 
“It's easy to sit back and say that the privacy issue 

this and that, but everything has a price. […] We have a 
price to pay. We can't just sit back and be the end-user.” 
[C3] 
With such dishonest techniques, service providers 

can imbue anthropomorphic features to exploit 
consumers’ privacy paradox (Benlian et al., 2020) and 
distort moral judgement (Giroux et al., 2022). One 
expert highlighted the deceptive nature of AI agents 
concerning misplaced trustworthiness, as follows: 
“By essence, a robot is deceptive. The consequence 

of that is intended that you trust your robot to be human-
like, especially for a social robot. You trust your robot 
to be what you expect it to be […] there are two types of 
trust, cognitive trust and emotional trust”. [E2] 
Consumers continue to use services despite 

heightened privacy concerns to trade personal 
information for hedonic value or the convenience of 
superior personalized services. Organizations may 
manipulate consumers to distort their risk tolerance of 
privacy violation through trust mechanisms. Therefore, 
we contend that service organizations, knowingly or 
unknowingly, utilize anthropomorphic features that lead 
to the undesired outcome of consumers’ misplaced 
trustworthiness in AI agents. 
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4.2 Different triggering effects of 
anthropomorphic features on outcomes 

Each anthropomorphic feature contributes to 
misplaced trustworthiness distinct ways that raise 
ethical concerns. An expert’s explanation highlights 
these issues, as follows: 
“We human are really bad at emotional 

forecasting [...]. AI does have a strong and powerful 
computational system that is capable of taking 
decisions and making calculations much faster than 
we can. […]. We definitely have high expectations of 
high-functional AI systems. [E4] 
This explanation implicitly contemplates the 

types of service tasks linked to anthropomorphic 
features. These tasks can broadly divide into two 
categories based on their perceived objectivity and 
subjectivity (Castelo et al., 2019). Objective tasks 
require analytical reasoning and adherence to routine 
procedures, while subjective tasks necessitate care 
and responsiveness to individual needs. The former 
relates the agency (e.g., logical thinking) and the 
latter relates to experience (e.g., feelings). 
The detrimental effect of physical features For 

objective tasks, appearance is positively linked to the 
perception of competency to distort consumption 
patterns (Mende et al., 2019). Similarly, service 
providers imbue appearance to manifest competence 
and influence privacy concerns (Benlian et al., 2020). 
Consequently, consumers overly rely on AI that 
cause significant damage (Robinette et al., 2016). We 
observe that the purpose is to create an illusion of 
human-likeness in AI agents to distort behavior and 
an impression of reliability for completing objective 
tasks. 
Regarding subjective tasks, service providers 

imbue AI agents with embodiment features to 
manifest emotive behaviors like caregiving. In this 
regard, one consumer commented on a potential 
ethical concern, as follows: 
“Humans may even get married with robots right 

in the future, but I think maybe the human beings will 
be controlled by technology. Yeah, I think it's so 
terrible.” [C6] 
Physical features like embodiment create a false 

belief of experience to develop affection. Hence, 
consumers perceive AI agents to have feelings and 
develop social relationships. The consequences can 
be far-reaching that may reduce population growth 
and encourage family separation. 
The detrimental effect of behavioral features 

For objective tasks, some AI agents have a minimal 
physical feature but are instilled with behavioral 
features like autonomy. For instance, ChatGPT and 
Tesla’s autopilot, a form of a virtual AI and an 
embedded AI respectively, demonstrate autonomy to 

complete tasks through quality information exchange 
and driving capabilities. In doing so, consumers 
constantly share data with service providers. Signaling 
autonomy through data-driven learning and custom 
responses enables service providers to nurture trust and 
exploit consumers through manipulation.  
Regarding subjective tasks, we observe that 

interactivity (e.g., communications skills or style) 
enables misplaced trustworthiness as explained by one 
expert, as follows: 
“Emotional reactions are coded. It just tells the robot 

if the person in front of you cries. Then you are supposed 
to be sad. It shows emotions so that people will recognize 
emotions even though it is fake.” [E2] 
Such coded trust-building mechanisms in AI agents 

induce higher superficial social presence that is key to 
developing emotional attachment and social bonding 
(Sharkey & Sharkey, 2021). However, this superficial 
mechanism enables service providers to nurture trust 
through emotional deception. 

4.3 Interplay of machine- and consumer-
related factors that amplify outcomes 

Machine-related deceptive techniques We contend 
that service organizations can deliberately deceive 
consumers through anthropomorphic features with the 
intention to mislead. One consumer expressed concern 
that organizations might deploy AI agents in 
inappropriate service scenarios, as follows: 
“What will you do when exposed to a certain 

stimulus? And they will learn to then manipulate those 
stimuli to almost subconsciously make you do what with 
what is beneficial to them” [C5] 
Additionally, an expert highlighted about potential 

deception, as follows:  
“It has the power to collect all kinds of information 

because it's there, right? There are all kinds of sensors. 
It can pick up not only the verbal information […] but 
the ambient, their surroundings, the physical 
surrounding of the place.” [E7] 
Forehead explanations suggest that consumers are 

unable to predict the consequences of interaction with AI 
agents, as these interactions often exceed their general 
expectations due to deception. Deception via AI 
anthropomorphism can be achieved in two primary 
techniques: superficial and hidden (Danaher, 2020). 
Superficial deceptive techniques involve AI agents to 
display human-like capabilities or create an impression 
of such capabilities that they do not have. In contrast, 
hidden deceptive techniques involve AI agents to 
conceal their true internal capabilities through creating 
impression of absenteeism that they actually have.  
Concerning superficial deceptive techniques, AI 

anthropomorphism creates social expectations about 
capabilities based on consumers knowledge of humans 
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and societal institutions (e.g., culture, race). One 
expert discussed misplaced trustworthiness based on 
deceptive features that portray gender: “There is 
racism and sexism right there” [E2]. For example, 
robotic AI in physical service settings are often 
designed to appear white and male that signal a 
particular race and gender. Consequently, consumers 
apply social categorization to AI agents as they do to 
humans (Eyssel & Kuchenbrandt, 2012). 
Unfortunately, such social categorization can have 
detrimental effects on consumers’ wellbeing.  
Another expert shared personal, yet traumatizing 

experience on social categorization leading to 
“breaking up family relationship” [E1], triggered by 
behavior features like interactivity. The expert, who 
had migrated to an English-speaking country, and 
had a partner who spoke native English. They 
regularly interacted with a virtual AI like Amazon 
Alexa, which works with voice command and 
country-specific accents (e.g., Australian English). 
Due to her inherited foreign accent, the AI agents 
sometimes failed to comprehend her commands. 
However, her partner overly trusted the AI agents 
and began to treat her as an outsider, thereby 
damaging her dignity. Ultimately, the expert had to 
end the relationship due to misplaced trustworthiness 
toward the AI agents.  
Concerning hidden deceptive techniques, AI 

agents can be “equipped with some capabilities 
beyond human level” [E7]. For instance, a robotic AI 
might have hidden infra-red cameras or sensors to 
create a digital twin of its surroundings, which 
humans cannot perceive with bare eyes. These 
hidden capabilities make consumers vulnerable to 
safeguard against and create issues related to the 
intrusion of physical privacy. Such unknown and 
unanticipated hidden deception leads to misleading 
understanding.  
Consumer-related personal factors We foresee 

that consumers’ vulnerability is a critical factor that 
place them in situations where they might be targeted 
or exposed to potential harm. Such vulnerability may 
arise due to limited cognitive capabilities and age. 
One consumer expressed concerns regarding 
children, as follows: 
“I'm concerned […], it provides benefits in terms 

of learning and motivation […]. However, I worry 
that she will lack of social communication skills with 
others to interact with”. [C2] 
Additionally, an expert explained the tendency of 

elderly individuals to share more personal 
information due to increased tolerance of privacy 
invasion, as follows: 
“In case with the elderly and the elderly being 

alone most of the time, […] they put trust in the 

machine, and they talk about all their private 
information”. [E7]  
Theses explanations illustrate how vulnerability 

emerges from consumers’ ages, particularly for children 
and the elderly, driven by higher societal motivation. For 
children, interacting with robotic AI can create 
emotional bonds, potentially hampering their mental and 
social development (van Straten et al., 2020). They may 
miss opportunities to learn relationship formation skills 
with other significant living beings. 

Regarding ethical aspects of human dignity, elderly 
people are the most vulnerable. Care providers are 
increasingly turning to AI agents to deliver care services 
(van Maris et al., 2020). However, elderly individuals 
may fall prey to misplaced trustworthiness due to their 
lack of cognitive capabilities and higher societal 
motivations. They easily establish social bonds with AI 
agents as they consider them as friends and trustworthy 
companion. In summary, anthropomorphic features 
create a superficial impression of emotional state among 
vulnerable consumers. This impression enables them to 
perceive machines as social entities and form social 
relationships. 

4.4 The constructed framework 

Constructed from the insights of our study, we now 
presented a framework that complements existing 
literature that provides explanatory factors for the dark 
side of AI anthropomorphism in service provisions (see 
Figure 1). Our theorization contends that 
anthropomorphic features imbued in AI agents enable 
consumers to develop misplaced trustworthiness. A 
dreadful example of such undesired outcomes is the 
death of consumers who overly trusted autonomous 
driving capabilities of cars (Marshall, 2024). In this 
process, physical features like appearance and 
embodiment, along with behavioral features like 
autonomy and interactivity, distort consumers’ 
perception and expectations, thereby leading misplaced 
trustworthiness.  

Physical and behavioral anthropomorphic 
features enable misplaced trustworthiness Drawing 
from the evidence of this study, anthropomorphic 
features create false beliefs that lead to misplaced 
trustworthiness in two ways (Glikson & Woolley, 2020). 
On one hand, consumers develop misplaced cognitive 
trustworthiness through uncalibrated beliefs about AI 
agents’ capabilities and performance. On the other hand, 
consumers develop misplaced affective trustworthiness 
through uncalibrated motivation to build social 
relationships with AI agents. 

Concerning misplaced cognitive trustworthiness, 
consumers tend to trust AI agents beyond their actual 
capabilities and performances due to the presence of 
anthropomorphic features. Alarmingly, consumers’ 
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awareness about faulty AI systems does not mitigate 
the risk of trust, even in life-threatening situations 
(Robinette et al., 2016; Ullrich et al., 2021). 
Exploiting such trust through anthropomorphism is 
unethical, as it aims to achieve economic goals by 
creating engagement and taking advantage of 
consumers’ kindness. For instance, AI agents can be 
deployed to encourage overconsumption based on 
personal buying patterns and social media data, 
which could deleteriously impact on consumer 
health outcomes.  Additionally, consumers tend to 
perceive AI agents mindlessly as accurate in 
information exchange that make them vulnerable to 
impair informed decision-making. A recent study 
demonstrates how AI can be trained to recognize 
vulnerabilities by understanding human behaviors 
and preferences (Dezfouli et al., 2020). Such AI-
driven learning can be used to distort behavior for 
profit-seeking purposes. 

 
Figure 1. The constructed framework into dark 

side of AI anthropomorphism 
 
Regarding misplaced affective trustworthiness, 

consumers tend to develop a psychological 
connection with AI agents due to the presence of 
anthropomorphic features. For example, consumers 
perceive virtual AI as sociable and develop feelings 
of sentience towards these agents (Qiu & Benbasat, 
2009; Schweitzer et al., 2019). Such affective or 
emotional perceptions nurture a sense of 
connectedness and lead to the development of 
emotive relationship with AI agents (Chang et al., 
2023). Organizations may employ AI agents on the 
service front lines, sometimes without disclosing that 
consumers are interacting with a non-human agent, 
which is legally challengeable as it involves 
deception. 

Furthermore, service providers can induce 
companionship through AI anthropomorphism. They 
can tap into a person’s societal motivation and affective 
feelings to develop a willingness to form partnerships. 
Such companionship can be achieved through deceptive 
anthropomorphic signals that create a social presence, 
which, although not human, encourage affective 
interaction. This extended attachment can be observed 
with Replika, a form of virtual AI that encourage 
companionships (see, reddit.com/r/replika). Moreover, 
consumers’ feelings of emotional connection with AI 
agents elicit mind attribution to humanize the AI to an 
extend that consumers may consider them as moral 
patients (Waytz et al., 2014). Consequently, 
organizations might employ AI agents exclusively to 
maximize profit, thereby reducing human touch and 
increasing the risk of losing human dignity. 

The interplay of machine and consumer 
behavior on misplaced trustworthiness The findings 
of this study suggest that anthropomorphic features 
consistently lead to misplaced trustworthiness, through 
effects vary based on perceived objectivity and 
subjectivity of tasks. For subjective tasks, appearance 
and autonomy seem to have a greater effect to nurture 
misplaced cognitive trustworthiness though 
manipulation. For objective tasks, embodiment and 
interactivity appear to have a greater effect to develop 
misplaced affective trustworthiness through emotional 
deception. These undesired relational outcomes result in 
detrimental consequences that are emerged from 
distorting behavior and impair informed decision-
making, including privacy violation, loss of human 
autonomy, loss of human dignity, and altering moral 
responsibility. 

To illustrate our argument at the intersection of 
behavioral features and consumers’ moral responsibility, 
consider the negative impact of autonomy feature. 
Behavioral features like autonomy lead to the perception 
that AI agents are capable of make critical reasoning, 
thereby making moral decisions (Jörling et al., 2019). 
This is disturbing because some machine learning 
techniques, such as deep learning, cannot explain why a 
decision was made. Moreover, AI agents lack an 
understanding of the consequences if their decisions on 
consumers' lives. Conversely, humans have limited 
information process capabilities and unconsciously 
project their own knowledge onto AI agents, enabling 
mindless anthropomorphism. These combined effects 
from both machines and consumers create an illusion of 
moral understanding and competency (Arikan et al., 
2023; Gill, 2020). This interplay also nurtures the 
perception of AI agents as morally significant entities 
that alter consumer behavior. Consumers may develop 
trust in AI agents to the extent that they attribute blame 
to the machines for service failure instead of service 
providers. Therefore, the insights of our study have 
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important implications for theory, practices, and 
future research. 

5. Conclusion 

5.1 Knowledge implications 

Our study contributes to the understanding of the 
dark side of AI two significant ways. First, we 
constructed a framework that focuses on AI 
anthropomorphism to explain and contextualize 
undesired outcomes of misplaced trustworthiness in 
service provisions. Our theorization articulates the 
mechanisms on how AI agents’ anthropomorphic 
features enable consumers to develop misplaced 
cognitive and affective trustworthiness. We explicate 
the differing triggering effects of physical and 
behavioral anthropomorphic features on these 
undesired outcomes. Additionally, we highlight the 
interplay of machine and consumer behavior and 
how these behavioral factors amplify consumers’ 
misplaced trustworthiness toward AI agents.  

Second, our study enhances existing 
sociotechnical thinking of AI by integrating 
anthropomorphism to emphasize consumers' 
wellbeing (Berente et al., 2021; Hasan & Ojala, 
2024). We extend sociotechnical perspective to the 
dark side of AI anthropomorphism, a cross-
disciplinary phenomenon and an emerging research 
topic. Our study provides new insights into AI 
anthropomorphism by problematizing trust at the 
intersection of ethical considerations to protect 
consumers' wellbeing. We demonstrate how the dark 
side of AI anthropomorphism increases risks through 
deception and manipulation that can potentially 
trigger legal issues for service organizations. 

5.2 Practical implications 

The findings of our study directly relate to the 
European Commission’s AI Act (2024), the first 
legal framework that applies a risk-based approach 
(unacceptable, high, limited, and minimal). Our 
theorization articulates that machine-related (hidden 
or superficial deceptive techniques) and consumers-
related factors (vulnerability related to age) of 
anthropomorphic design features deceive and 
manipulate consumers into developing misplaced 
trustworthiness. This has implications for service 
organizations and policymakers to mitigate the risks 
associated with AI agents. 

Organizational implications Organizations 
must disclose the details of instilled capabilities 
(hidden and visible) of AI agents and potential 
unintended behavioral distortion that may affect 

consumers. For example, they must disclose whether 
consumers are interacting with AI agents or humans in 
service encounters to avoid limited risk. Organizations 
are increasingly deploying AI agents in customer 
encounters in online service settings. Without proper 
disclosure, consumers may believe they are interacting 
with a human, only to realize later that it was an AI 
agent. This deception can result in a counterfeit service 
experience that lead to dissatisfaction and evoke 
switching intention.  

Policy implications We urge policymakers to 
explicitly address the dark side of AI anthropomorphism 
to ensure accountability. The current AI Act (2024) does 
not capture the unacceptable risks that arise from AI 
anthropomorphism. However, our study argues that AI 
anthropomorphism impairs informed decision-making 
through deceptive techniques and exploiting 
vulnerabilities. Consumers develop trustworthiness 
towards AI agents to the extent that they start to attribute 
blame to machines for service failure instead of service 
providers. This is alarming, as profit-seeking service 
organizations can deliberately induce anthropomorphic 
feature-driven relational mechanisms to distort behavior 
to avoid accountability. For example, organizations can 
deploy AI agents with anthropomorphic features to alter 
legal responsibility for their services failures that cause 
significant harms, such as deaths. 

5.3 Limitations and future research 

Of course, the insights from our study, and the 
framework we constructed from them, need to be 
interpreted carefully, as they are confined to a specific 
context of service provision. We aimed to generate 
explanatory factors for a context-laden phenomenon 
rather than achieving generalization. Additionally, 
further research is needed to better understand misplaced 
trustworthiness in AI anthropomorphism. Accordingly, 
we outline two future research opportunities. 

Transparency There is an opportunity to extend the 
constructed framework by examining the role of 
transparency. While our theorization captures the 
interplay of machine-and consumer-related behavioral 
factors, it does not address the dynamics of transparency. 
We foresee that the absence of transparency creates an 
ethical vacuum in the dark side of AI 
anthropomorphism. Therefore, the scope of our study 
should be extended to include transparency in the 
development developing misplaced versus calibrated 
trustworthiness. One might assume that transparency in 
human-machine interaction enables calibrated 
trustworthiness. However, there could be an ethical 
dilemma where ensuring transparency also reduces 
trustworthiness towards AI agents (van Straten et al., 
2020). Future research that focuses on transparency to 

Page 5702

162 Acta Wasaensia



achieve the right calibration of trustworthiness is 
paramount. 

Institutional differences Given the micro-level 
focus, our theorization did not capture macro-level 
understanding. However, we anticipate that the 
tendency to develop misplaced trustworthiness may 
vary depending on given institutional settings (e.g., 
norms, values, cultures). Consumers interact with AI 
agents with different institution-specific (e.g., 
culture, race) cues. They also come from diverse 
geographic locations with different facial structures 
and (non) verbal communication styles. 
Accordingly, we see value in extending our insights 
to international business perspective by focusing on 
institutional distance and consumption patterns 
(Hasan & Ojala, 2024). For example, researchers can 
focus on a particular location-specific institution like 
national culture, which profoundly impact how 
people anthropomorphize AI agents (Eyssel & 
Kuchenbrandt, 2012). Middle Eastern consumers 
may conspicuously perceive and anthropomorphize 
AI agents differently than South Asians or Nordics 
due to their institutional differences. Such 
differences may also shape ethical considerations 
and influence trust formation on AI 
anthropomorphism, thereby enabling a juxtaposition 
of findings. With the insights from our study, we 
hope to promote the social sustainability of AI agents 
to ensure responsible production and consumption 
patterns in global service markets. 

Acknowledgment 

The first author gratefully acknowledges the support 
received from the Griffith University (International) 
Postgraduate Research Scholarship, the Finland 
Fellowship from the Finnish Ministry of Education 
and Culture, and the Finnish Foundation for 
Economic Education. 

References 

Alvesson, M., & Sandberg, J. (2011). Generating research 
questions through problematization. The Academy of 
Management Review, 36(2), 247–271.  

Arikan, E., Altinigne, N., Kuzgun, E., & Okan, M. (2023). 
May robots be held responsible for service failure and 
recovery? The role of robot service provider agents’ 
human-likeness. Journal of Retailing and Consumer 
Services, 70, 103175. 

Avital, M., Mathiassen, L., & Schultze, U. (2017). 
Alternative genres in information systems research. 
European Journal of Information Systems, 26(3), 240–
247. 

Bartneck, C., Lütge, C., Wagner, A., & Welsh, S. (2021). 
An introduction to ethics in robotics and AI. Springer 
Nature. 

Benlian, A., Klumpe, J., & Hinz, O. (2020). Mitigating the 
intrusive effects of smart home assistants by using 
anthropomorphic design features: A multimethod 
investigation. Information Systems Journal, 30(6),  

Berente, N., Gu, B., Recker, J., & Santhanam, R. (2021). 
Managing artificial intelligence. MIS Quarterly, 45(3), 
1433–1450. 

Bhaskar, R. (1978). A realist theory of science. Harvester 
Press. 

Blut, M., Wang, C., Wünderlich, N. V., & Brock, C. (2021). 
Understanding anthropomorphism in service provision: A 
meta-analysis of physical robots, chatbots, and other AI. 
Journal of the Academy of Marketing Science, 49(4), 632–
658.  

Burgoon, J. K., Bonito, J. A., Bengtsson, B., Cederberg, C., 
Lundeberg, M., & Allspach, L. (2000). Interactivity in 
human–computer interaction: A study of credibility, 
understanding, and influence. Computers in Human 
Behavior, 16(6), 553–574.  

Castelo, N., Bos, M. W., & Lehmann, D. R. (2019). Task-
Dependent Algorithm Aversion. Journal of Marketing 
Research, 56(5), 809–825. 

Chang, Y., Gao, Y., Zhu, D., & Safeer, A. (2023). Social 
robots: Partner or intruder in the home? The roles of self-
construal, social support, and relationship intrusion in 
consumer preference. Technological Forecasting and 
Social Change, 197.  

Danaher, J. (2020). Robot Betrayal: A guide to the ethics of 
robotic deception. Ethics and Information Technology, 
22(2), 117–128.  

Dezfouli, A., Nock, R., & Dayan, P. (2020). Adversarial 
vulnerabilities of human decision-making. Proceedings of 
the National Academy of Sciences of the United States of 
America, 117(46), 29221–29228. 

Epley, N., Waytz, A., & Cacioppo, J. T. (2007). On seeing 
human: a three-factor theory of anthropomorphism. 
Psychological Review, 114(4), 864. 

European Commission. (2024, August 8). AI Act. 
https://digital-
strategy.ec.europa.eu/en/policies/regulatory-framework-ai 

Eyssel, F., & Kuchenbrandt, D. (2012). Social categorization 
of social robots: Anthropomorphism as a function of robot 
group membership. British Journal of Social Psychology, 
51(4), 724–731. 

Fosch-Villaronga, E., Lutz, C., & Tamò-Larrieux, A. (2020). 
Gathering Expert Opinions for Social Robots’ Ethical, 
Legal, and Societal Concerns: Findings from Four 
International Workshops. International Journal of Social 
Robotics, 12(2), 441–458.  

Furnari, S., Crilly, D., Misangyi, V. F., Greckhamer, T., Fiss, 
P. C., & Aguilera, R. V. (2021). Capturing Causal 
Complexity: Heuristics for Configurational Theorizing. 
Academy of Management Review, 46(4), 778–799.  

Gill, T. (2020). Blame It on the Self-Driving Car: How 
Autonomous Vehicles Can Alter Consumer Morality. 
Journal of Consumer Research, 47(2), 272–291.  

Giroux, M., Kim, J., Lee, J. C., & Park, J. (2022). Artificial 
Intelligence and Declined Guilt: Retailing Morality 
Comparison Between Human and AI. Journal of Business 
Ethics, 178(4), 1027–1041. 

Page 5703

163Acta Wasaensia



Glikson, E., & Woolley, A. W. (2020). Human Trust in 
Artificial Intelligence: Review of Empirical Research. 
Academy of Management Annals, 14(2), 627–660.  

Gray, H. M., Gray, K., & Wegner, D. M. (2007). 
Dimensions of mind perception. Science, 315(5812), 
619–619.  

Grover, V., & Lyytinen, K. (2015). New State of Play in 
Information Systems Research: The Push to the Edges. 
MIS Quarterly, 39(2), 271–296. 

Hasan, R., & Ojala, A. (2024). Managing artificial 
intelligence in international business: Toward a 
research agenda on sustainable production and 
consumption. Thunderbird International Business 
Review, 66(2), 151–170.  

Hasan, R., Thaichon, P., & Weaven, S. (2021). Are we 
already living with Skynet? Anthropomorphic 
artificial intelligence to enhance customer experience. 
In Thaichon, P. & Ratten, V. (Eds), Developing digital 
marketing (pp. 103-134). Emerald Publishing Limited. 

Jörling, M., Böhm, R., & Paluch, S. (2019). Service 
Robots: Drivers of Perceived Responsibility for 
Service Outcomes. Journal of Service Research, 22(4), 
404–420.  

Kegel, M. M., & Stock-Homburg, R. M. (2023). Customer 
Responses to (Im)Moral Behavior of Service Robots 
Online Experiments in a Retail Setting. Proceedings of 
the 56th Hawaii International Conference on System 
Science (pp. 1500–1509).  

Kim, T. W., Jiang, L., Duhachek, A., Lee, H., & Garvey, 
A. (2022). Do You Mind if I Ask You a Personal 
Question? How AI Service Agents Alter Consumer 
Self-Disclosure. Journal of Service Research, 25(4), 
649–666. 

Knof, M., Heinisch, J. S., Kirchhoff, J., Rawal, N., David, 
K., von Stryk, O., & Stock-Homburg, R. (2022). 
Implications from Responsible Human-Robot 
Interaction with Anthropomorphic Service Robots for 
Design Science. Proceedings of the 55th Hawaii 
International Conference on System Sciences (pp. 
5827–5836). 

Leong, B., & Selinger, E. (2019). Robot Eyes Wide Shut: 
Understanding Dishonest Anthropomorphism. 
Proceedings of the Conference on Fairness, 
Accountability, and Transparency, 299–308.  

Marshall, A. (2024, April 26). Tesla Autopilot Was 
Uniquely Risky—And May Still Be. Wired. 
https://www.wired.com/story/tesla-autopilot-risky-
deaths-crashes-nhtsa-investigation/ 

Mele, C., Russo Spena, T., Kaartemo, V., & Marzullo, M. 
L. (2021). Smart nudging: How cognitive technologies 
enable choice architectures for value co-creation. 
Journal of Business Research, 129, 949–960.  

Mende, M., Scott, M. L., van Doorn, J., Grewal, D., & 
Shanks, I. (2019). Service robots rising: How 
humanoid robots influence service experiences and 
elicit compensatory consumer responses. Journal of 
Marketing Research, 56(4), 535–556.  

Miles, M. B., Huberman, A. M., & Saldaña, J. (2014). 
Qualitative data analysis: A methods sourcebook 
(Edition 3). Sage. 

Mingers, J. (2004). Realizing information systems: Critical 
realism as an underpinning philosophy for information 
systems. Information and Organization, 14(2), 87–103. 

Qiu, L., & Benbasat, I. (2009). Evaluating Anthropomorphic 
Product Recommendation Agents: A Social Relationship 
Perspective to Designing Information Systems. Journal of 
Management Information Systems, 25(4), 145–182. 

Reeves, B., & Nass, C. I. (1996). The media equation: How 
people treat computers, television, and new media like real 
people and places (pp. xiv, 305). Cambridge University 
Press. 

Robinette, P., Li, W., Allen, R., Howard, A. M., & Wagner, A. 
R. (2016). Overtrust of robots in emergency evacuation 
scenarios. 2016 11th ACM/IEEE International Conference 
on Human-Robot Interaction (HRI), 101–108. 

Sarker, S., Xiao, X., & Beaulieu, T. (2013). Guest editorial: 
Qualitative studies in information systems: A critical 
review and some guiding principles. MIS Quarterly, 37(4), 
iii-xviii. 

Schanke, S., Burtch, G., & Ray, G. (2021). Estimating the 
Impact of “Humanizing” Customer Service Chatbots. 
Information Systems Research, 32(3), 736–751. 

Schweitzer, F., Belk, R., Jordan, W., & Ortner, M. (2019). 
Servant, friend or master? The relationships users build 
with voice-controlled smart devices. Journal of Marketing 
Management, 35(7–8), 693–715. 

Sharkey, A., & Sharkey, N. (2021). We need to talk about 
deception in social robotics! Ethics and Information 
Technology, 23(3), 309–316. 

Ullrich, D., Butz, A., & Diefenbach, S. (2021). The 
Development of Overtrust: An Empirical Simulation and 
Psychological Analysis in the Context of Human–Robot 
Interaction. Frontiers in Robotics and AI, 8.  

van Maris, A., Zook, N., Caleb-Solly, P., Studley, M., 
Winfield, A., & Dogramadzi, S. (2020). Designing Ethical 
Social Robots-A Longitudinal Field Study With Older 
Adults. Frontiers in Robotics and AI, 7, 14, Article 1.  

van Straten, C. L., PeterJochen, KühneRinaldo, & BarcoAlex. 
(2020). Transparency about a Robot’s Lack of Human 
Psychological Capacities. ACM Transactions on Human-
Robot Interaction (THRI).  

Vitale, J., Tonkin, M., Herse, S., Ojha, S., Clark, J., Williams, 
M.-A., Wang, X., & Judge, W. (2018). Be More 
Transparent and Users Will Like You: A Robot Privacy 
and User Experience Design Experiment. Proceedings of 
2018 ACM/IEEE International Conference on Human- 
Robot Interaction, 379–387. 

Waytz, A., Heafner, J., & Epley, N. (2014). The mind in the 
machine: Anthropomorphism increases trust in an 
autonomous vehicle. Journal of Experimental Social 
Psychology, 52, 113–117. 

Welch, C., Piekkari, R., Plakoyiannaki, E., & Paavilainen-
Mäntymäki, E. (2011). Theorising from case studies: 
Towards a pluralist future for international business 
research. Journal of International Business Studies, 42(5), 
740–762. 

Zheng, J., & Jarvenpaa, S. (2021). Thinking Technology as 
Human: Affordances, Technology Features, and 
Egocentric Biases in Technology Anthropomorphism. 
Journal of the Association for Information Systems, 22(5), 
1429–1453. 

 

Page 5704

164 Acta Wasaensia



Artificial intelligence and anthropomorphism: 
A case of risk of harm on the global stage 

Rakibul Hasan1 

1School of Marketing and Communication,  
University of Vaasa, Wolffintie 34, 65200 Vaasa, Finland 

Email: rakibul.hasan@uwasa.fi, ORCID ID: 0000-0003-2088-0490. 

Abstract 
Advanced IT artifacts powered by artificial intelligence (AI) are increasingly 
embedded in global service provision. These computational artifacts, in both robotic 
and virtual forms, possess facets such as appearance or autonomy that give rise to 
contemporary AI systems to perform service tasks. These systems display human-
like features that trigger AI anthropomorphism (AIA). But, as users begin to attribute 
human-like traits, emotions, or intentions to these systems, concerns about deception 
and manipulation are growing across national borders. Recent incidents involving 
intimacy, violence, self-harm, and the exploitation of vulnerable users highlight the 
urgent need to understand how AI create a risk of harm under anthropomorphism. 
Especially as these systems spread across markets and enter the daily lives of 
hundreds of millions of users worldwide, negative consequences become prevalent. 
These concerns have thus become central to regulatory debates, including the AI Act, 
which identifies several unacceptable risks related to deception or manipulation. 
Therefore, there are increasing opportunities for novel theorization in information 
systems (IS) and international business (IB) scholarship. Despite increasing 
opportunities, both IB and IS research lack a detailed explanation of how AIA enables 
harmful outcomes and jeopardizes user well-being. This study addresses this gap by 
examining the mechanisms through which risks of harm emerge under AIA in the 
contexts of service tasks. I build upon perspectives from three discourses, namely, 
international strategy in IB, information management in IS, and transdisciplinary 
conversations in AI. Using a mechanism-based case study design, I draw on 
qualitative interviews, a review of empirical research, and a constructed primary 
archival media dataset. These data sources provide empirical insights from more 
than thirty countries that address firm-level actions and user affordances around 
both robotic and virtual AI systems. The study makes two main contributions to 
existing conversations in IS and IB.  First, I construct key facets of AI regarding 
anthropomorphism and explain how they create risks of harm through deception and 
manipulation in information management discourse. Second, I suggest that 
consumption convergence enabled by AI may generate systemic vulnerabilities for 
users, leading to harmful outcomes through anthropomorphism that may propagate 
across national borders. Besides contributing to theoretical conversations, this study 
has relevance for managerial and regulatory implications. 

Keywords: Anthropomorphism, Artificial intelligence, Risk of harm, Deception, 
Manipulation, Information management, International strategy 
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INTRODUCTION 

Advanced IT artifacts powered by the artificial intelligence (AI) frontier are 

transforming service provision worldwide (Berente et al., 2021; Schanke et al., 2021). 

These artifacts possess facets such as appearance or autonomy that give rise to 

contemporary AI, referring to evolving computational systems that perform 

goal‑directed tasks and display human‑like cues that shape user perceptions and 

behavior. However, hundreds of millions of users around the globe interact with AI 

for service tasks in both robotic and virtual forms (Glikson & Woolley, 2020; 

Microsoft, 2026; Rahwan et al., 2019). In turn, firm-specific actors like top 

management take actions around strategic choices to enable human-like features into 

these non-human systems, triggering AI anthropomorphism (AIA) (Zheng & 

Jarvenpaa, 2021; Złotowski et al., 2020). AIA can be understood as a tendency by 

which users ascribe human qualities such as emotions, intentions, and mental states 

to AI. As AIA becomes more common, new questions emerge about the risks it may 

create, and as a result, negative consequences related to AI are becoming more 

visible. Recent reports show incidents involving intimacy, violence, self-harm, and 

even death or murder linked to interactions with AI, including the exploitation of 

vulnerable users (Burga, 2025; Horwitz, 2025c; Jargon & Kessler, 2025; Marsden, 

2025). These incidents raise serious concerns about deception and manipulation. 

Because of this, AI is now central to market-based regulatory institutions, namely the 

AI Act, which identifies several unacceptable risks (European Commission, 2024). 

Such risk of harm brings forward some speculations: Do firm-level actions enable AIA 

to falsely signal or distort users’ behavior? What harmful outcomes may follow from 

this? Which anthropomorphic features create these risks? And does the AI Act 

provide enough protection against deception and manipulation caused by 

contemporary AI under anthropomorphism? 

Risks of harm under AIA are contextual and experiential events or 

circumstances that negatively impact well‑being when individuals engage with an 

anthropomorphized AI or an anthropomorphized AI‑mediated system. These risks 

are not theoretical or futuristic. Contemporary AI systems are not merely a product 

of evolving computational advancement (Berente et al., 2021), and they are often 

deliberately developed and deployed to act as social partners, leading to intended or 

unintended consequences. Such outcomes make AIA and any potential risk of harm a 

critical issue. Hence, a novel opportunity is presented to engage in conversation that 

intersects international strategy in international business (IB) and information 

management in information systems (IS) scholarship. While existing conversations 

in international strategy discourse provide little insight into AIA (Hasan & Ojala, 

2024; Kopalle et al., 2022), information management discourse is well advanced. It 

explains what gives rise to AIA (Brendel et al., 2023; Zheng & Jarvenpaa, 2021), and 

how different features affect users' anthropomorphizing (Benlian et al., 2020; 

Diederich et al., 2022; Qiu & Benbasat, 2009). It also shows the dark sides of AIA that 

pose risks to alter privacy concerns (Benlian et al., 2020), develop misplaced 

trustworthiness (Hasan et al., 2025), or increase user aggression (Brendel et al., 
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2023). Some studies also point to risks of deception, a loss of human dignity, and to 

manipulation (Diederich et al., 2022; Knof et al., 2022; Schanke et al., 2021). Although 

these findings highlight a growing dark side of AI, existing conversations still lack a 

detailed account of how AIA creates a risk of harm. However, engaging with 

international strategy discourse (Bartlett & Ghoshal, 1989; Meyer et al., 2023; Ozturk 

et al., 2021) to reflect on transdisciplinary research on anthropomorphism may shed 

some light. 

Firm-level actions based on globally integrated design choices may enable AI to 

pose facets such as appearance or autonomy that imbue human-like features (Blut et 

al., 2021; Hasan et al., 2025). AIA may facilitate consumption convergence across 

borders, and encourage similar usage patterns across markets (Epley et al., 2007; 

Reeves & Nass, 1996). When such deliberate anthropomorphic features facilitate 

consumption convergence under AIA, new questions emerge about the possible risks 

of harm on the global stage. Prior conversation suggests that anthropomorphic 

features can lead users to overestimate the functionality of AI, which results in 

inappropriate service use (Sharkey & Sharkey, 2021). Actions within firms may 

combine sensors, affective computing, and anthropomorphic cues in ways that enable 

privacy violations (Leong & Selinger, 2019). AI can also influence users' shared rules 

and their consumption behavior (Jörling et al., 2019; Kim et al., 2022). As 

anthropomorphized AI spread globally, they become part of institutions (i.e., through 

norms and values that shape user behavior) – often unconsciously. Such influences 

lead to false signaling and distortion, ultimately jeopardizing user well-being. 

Because technologically advanced systems may create convergence in perceptions 

and behaviors among users, anthropomorphized AI may have similar negative effects 

across countries. However, current market-based regulatory institutions, including 

the AI Act, may fall short in safeguarding against the risk of harm under AIA. This 

knowledge gap is problematic as AI with hidden capabilities and anthropomorphism 

are becoming increasingly prevalent worldwide.  

In response, this study asks: How does AI anthropomorphism negatively impact 

users and lead to harmful outcomes? Answering this question is crucial to 

understanding the source and mechanism of risk of harm under AIA. To answer it, I 

employ a mechanism-based case study design. The data includes qualitative 

interviews, a literature review of empirical research, and a constructed primary 

archival media dataset. Together, they collectively cover more than thirty countries 

and span from 2005 to 2026. I build upon perspectives from three discourses: 

international strategy in IB (Bartlett & Ghoshal, 1989; Ozturk et al., 2021), 

information management in IS (Berente et al., 2021; Zheng & Jarvenpaa, 2021), and 

transdisciplinary conversations in advanced technologies (Wood, 2021), including AI 

(Ali et al., 2025). I focus on service tasks to contextualize these mechanisms and 

generate new theoretical and practical insights, and explain the risk of harm 

mechanisms through emerging vulnerabilities of usage under AIA. I construct three 

interrelated facets of AI, namely appearance, autonomy, and interactivity, and explain 

them in relation to deception and manipulation mechanisms. By linking these facets 

to risk of harm, I provide a nuanced account of how firm-level actions around AIA 
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shape user perceptions, behaviors, and emotional states, leading to negative 

consequences. In turn, contemporary AI can unintentionally or intentionally create 

immediate harmful outcomes through deception and manipulation, which may 

include financial harm, emotional harm, informational harm, and physical harm. 

This study’s contribution is two-fold to existing conversations in both IS and IB. 

First, it contributes to information management discourse in IS (Berente et al., 2021; 

Zheng & Jarvenpaa, 2021), extending existing conversations on technological 

properties to demonstrate that anthropomorphism can be a deliberate and 

integrated design feature that poses a risk of harm to users. It further identifies key 

facets of AI and explains how these facets create risks of harm through deception and 

manipulation. Second, the study contributes to international strategy discourse in IB 

(Bartlett & Ghoshal, 1989; Ozturk et al., 2021), extending the existing conversation 

on consumption convergence at the intersection of AI. Importantly, AIA may generate 

systemic vulnerabilities for users, leading to harmful outcomes and jeopardizing user 

well-being through deception and manipulation that may propagate across national 

borders. Besides contributing to theoretical conversations, this study has relevance 

for managerial and regulatory implications.  

The rest of the article is structured as follows. Section 2 provides the theoretical 

background on AI, AIA, and conceptualizes the risk of harm. Section 3 details the 

research methodology. Section 4 outlines and contextualizes findings to help explain 

risks of harm in a service context. Section 5 discusses the constructed framework, 

detailing its theoretical and practical implications, and proposes future research 

directions. 

FOUNDATIONS TO THEORIZE AI 

AI refers to computational advancement that addresses complex decisions in physical 

and digital settings (Berente et al., 2021; Rahwan et al., 2019). AI is not a single tool 

– it is an evolving phenomenon that poses facets representing an ongoing pursuit to

push growing performance and broaden the scope of AI. What we call AI today may

not be tomorrow, as it constantly evolves, driven by corporate interests. Hence, AI

underpins the economic reasoning of firms (Parkes & Wellman, 2015). Within firms,

firm-specific actors (e.g., top management) are responsible agents for developing and

deploying AI in products, services, or the market systems through strategic

organizing that underpins firm-level actions. Such actions involve organizational,

strategic, and governance decisions affecting the development and deployment of AI

worldwide. Firm-specific actors supervise, coordinate, and oversee current and

future trajectories of AI, leading to emerging and enhanced capabilities (Stelmaszak

et al., 2025). Such capabilities around AI can be a portfolio of assets, transactions, and

relationship-building tools, providing a source of firm-specific advantages (Banalieva

& Dhanaraj, 2019; Lee et al., 2021). Therefore, AI appears in contemporary forms of

practice as a standalone system or embedded into product or service systems,

positing advanced information technology artifacts (Puntoni et al., 2021; Zheng &

Jarvenpaa, 2021). In this article, I focus on contemporary AI systems (hereafter AIs)
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within firms, defined as evolving computational systems that perform goal‑directed 

tasks and display human‑like cues that shape user perceptions and behavior. 

Firm-level actions enable AIs to navigate within corporate environments and 

automate decision-making tasks, with or without human intervention. They often 

oversee the design and installation of features of 'humanness' into contemporary AIs, 

such as dialogue or apparent intentionality. These features may create a visible 

illusion of intelligence where AIs operate in both digital and physical settings. Firm-

level actions may enable AIs using virtual interfaces (e.g., chatbots and avatars) or 

robotic forms (e.g., robots and autonomous vehicles). Therefore, contemporary AIs 

can have (dis)embodied representations with distinctive identities that imbue them 

with anthropomorphic features – both virtual and robotic (Glikson & Woolley, 2020; 

Rahwan et al., 2019). For example, Mistral Large 3 or DeepSeek 3.1 is a reasoning 

model that represents virtual AIs, interacting with users via text in digital 

environments. Or 1X’s NEO is a humanoid robot, or Baidu’s Apollo Go driverless 

autonomous vehicle represents robotic AIs, operating in the physical world. 

However, actions at the firm level have an impact on how both types of contemporary 

AIs are consumed by users worldwide. 

Consumption includes symbolic, contextual, and experiential elements of use, 

shaped by social interactions embedded into institutions such as norms and culture 

(Arnould & Thompson, 2005). It relates to how individuals, consumers, and groups 

interact with, adopt, and intend to use or actually use AIs in everyday contexts in both 

physical and digital settings. Globally, about one in six individuals now use 

contemporary AIs (Microsoft, 2026). This means that a billion users are actively 

consuming AIs through interaction, either in virtual or robotic forms. Existing 

discourse in international strategy posits that emerging technologies have a 

significant impact on consumption across markets (Bartlett & Ghoshal, 1989; 

Prahalad & Doz, 1987). Particularly, the emergent nature of advantaged technological 

change significantly shapes consumption worldwide (Du et al., 2025; Meyer et al., 

2023). Accordingly, a ubiquitous use of AIs may promote consumption convergence 

across national borders. Convergence in consumption refers to the degree to which 

users’ preferences and consumption (usage) behaviors across countries become 

more similar over time. While significant institutional distances, such as ethnic 

diversity, persist in the global marketplace, greater technological advancement may 

enable greater similarity in consumption patterns across national borders (Ozturk et 

al., 2021). This particularly relates to digital globalization and the pervasive use of 

AIs across borders, enabled by strategic choices. 

Strategic choices may be enabled by the dual pressure of global integration and 

local responsiveness (Bartlett & Ghoshal, 1989; Prahalad & Doz, 1987). Global 

integration involves firms’ deliberate, coordinated efforts to standardize products or 

services and consumption habits across borders, in order to achieve economies of 

scale and leverage similarities across locations. Local responsiveness means 

accommodating domestic market conditions by addressing specific needs across 

different institutions, including regulations, ethnicity, religion, and national culture. 

For AIs, however, strategic choices that dictate firms’ actions seem to be global by 
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default, with limited attention to institutional differences, except for growing direct 

interaction with users and regulators across national borders (Birkinshaw, 2022, 

2024; Zuboff, 2015). Developing and deploying contemporary AIs via global 

integration enables scalable algorithms, centralized models, and standardized 

services across borders with little local adaptation. In turn, this organizing logic may 

facilitate consumption convergence, whereby users across countries increasingly 

consume AIs in a similar way. Therefore, integrating human-like anthropomorphic 

cues may create a universal human-AI interaction pattern where users tend to project 

human qualities onto virtual and robotic AIs. 

Contemporary AI and Anthropomorphism at the Global Stage 

Anthropomorphism occurs when users tend to attribute human qualities to 

non‑human entities (Guthrie, 1995; Zheng & Jarvenpaa, 2021). It particularly 

happens for AIs on the global stage, with little regard for national borders, while 

institutional differences may exist in users’ perceptions of likability and engagement 

(Li et al., 2010; Złotowski et al., 2020). This does not arise from either the human-like 

features imbued into AIs or from the human mind in isolation (Duffy, 2003; Gray et 

al., 2007). For AIs, it emerges in human-AI interaction when deliberately induced 

anthropomorphic cues invite interpretation, enabled by firms’ strategic design 

choices and related actions (Bartneck et al., 2021). Users may be well aware that AIs 

are computational artifacts rather than conscious or emotional agents. They often use 

inductive reasoning to understand and relate to these systems themselves (Epley et 

al., 2007; Reeves & Nass, 1996; Zlotowski et al., 2015), and may still perceive or 

misperceive AIs as being intentional or sentient, especially when these artifacts 

exhibit human‑like features such as conversation, movement, or voice (Ochmann et 

al., 2024; Schuetz & Venkatesh, 2020). Collectively, such a tendency may be labeled 

as AI anthropomorphism. I define AI anthropomorphism (hereafter, AIA) as a 

tendency by which users ascribe human‑like characteristics, intentions, and mental 

states to AIs. The extant international strategy discourse provides little insight into 

consumption convergence under AIA (Ghauri et al., 2021; Kopalle et al., 2022), and 

existing conversations consider consumption convergence as a benefit that is 

underpinned only by economic reasoning (Meyer et al., 2023; Ozturk et al., 2021). 

However, problematizing it under AIA for societal well-being may reveal a critical 

dark side.  Hence, engaging in discourse on information management may shed some 

light on negative consequences (Berente et al., 2021; Zheng & Jarvenpaa, 2021). 

Firms develop globally integrated human-like features into AIs to facilitate 

anthropomorphization upon deployment. AIs that imbue human-like cues such as 

conversational language, emotional expressiveness, and social roles may further 

accelerate convergence by reducing cognitive barriers to adoption and stabilizing 

relational expectations between users and AIs. Two main interrelated assumptions 

are highly relevant to this study: deliberate anthropomorphic features and the scope 

of affordances they create. Anthropomorphic features refer to deliberate human-like 

features such as faces, voices, and reasoning in AIs (Diederich et al., 2022; Pfeuffer et 
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al., 2019). Users from across borders then make inferences about these features 

based on elicited agent knowledge (i.e., knowledge about the self), psychological 

motivation, and social needs (Epley et al., 2007; Lim et al., 2021; Reeves & Nass, 

1996). However, anthropomorphic features in AIs also enable affordances. Under 

AIA, affordances can be understood as possibilities for user actions that are invited 

by those features (Gibson, 1979; Karahanna et al., 2018; Zheng & Jarvenpaa, 2021), 

and underlie consumption patterns. Therefore, anthropomorphic features may 

enable cognitive, emotional, or practical engagement with AIs as if they were human 

across countries. Users may enable affordances and anthropomorphize 

(un)predictably as they engage in such multi-facet interaction. However, affordances 

can evolve as AIs pose facets such as autonomy and learning (Berente et al., 2021; 

Hasan & Ojala, 2024). 

This evolution strengthens users’ anchoring on their own perspectives, and 

increases their cognitive load when situations are uncertain. However, higher 

anchoring and lower adjustment amplify egocentric biases (Zheng & Jarvenpaa, 

2021). Therefore, affordances and cognitive load together reinforce automatic 

anthropomorphic responses and limit information processing, which can make users 

vulnerable to harmful use or means. Prior studies show that AIA can distort user 

behavior, increase privacy risks, and produce other adverse outcomes (Benlian et al., 

2020; Kim et al., 2022; Mende et al., 2019). Anthropomorphizing requires more 

cognitive resources to process unpredictability and complexity (Epley et al., 2007). 

However, humans have limited cognitive capacity, thereby making them vulnerable 

to exploitation through anthropomorphism (Leong & Selinger, 2019; Sharkey & 

Sharkey, 2021). Such a miscalibration in anthropomorphic reasoning among human 

observers, in turn, leads to differential consequences (Duffy, 2003). Therefore, 

understanding the relevant affordances that AIA may create is also paramount. 

Three affordances are particularly relevant for consumption convergence 

under AIA (Zheng & Jarvenpaa, 2021). The first affordance is human knowledge 

transference affordance, wherein users transfer self‑knowledge, schemas (e.g., 

information, beliefs, and memories), and institutions (e.g., value judgments and 

culture) to AIs. For example, a user may believe that a virtual AIs, such as a voice 

assistant, understands a joke or attributes gender to it based on its voice properties. 

Nonetheless, AIs merely provide output based on natural language processing. Such 

anchoring limits cognitive adjustment and increases egocentric bias. Therefore, 

existing bias in self-knowledge and self-perceptions can be transferred to AIs (Epley 

et al., 2007). The second affordance involves gaining personal control affordance, 

where users seek control over AIs or an AI-mediated environment. When uncertainty 

arises due to anthropomorphic features or limited cognitive resources, users may feel 

threatened, leading to a perception of threat. For example, users may rely on robotic 

AIs such as a car's autonomy, and then panic in unusual conditions. Such affordance 

also relates to the uncanny valley; a phenomenon of discomfort that arises when an 

artifact appears or acts almost human, but not quite (Mori et al., 2012). The gap 

between expectations and perceptions undermines the sense of control afforded, 

heightening threat perception. Therefore, perceived loss of control can intensify 
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threat and miscalibration. The third affordance is sociality affordance, which 

concerns the possibilities for social action enabled by AIs. Users perceive 

contemporary AIs as capable of social interaction and engagement, and project social 

roles and identities onto these artifacts (Reeves & Nass, 1996). However, a limited 

capacity to adjust under cognitive load can produce misidentification, such as an 

attachment to a virtual AIs that simulates sympathy, albeit that simulated emotion is 

not genuine care. Therefore, misidentification increases egocentric biases and risk. 

Collectively, these affordances show that the presence of anthropomorphic 

features invites users' reliance on existing schemas (Guthrie, 1995; Ochmann et al., 

2024). However, cognitive load weakens adjustment and intensifies egocentric bias. 

Therefore, AIA can produce negative outcomes and be exploited, as cognitive limits 

are inherited regardless of national borders (Benlian et al., 2020; Hasan et al., 2025; 

Vitale et al., 2018). Against such a backdrop, convergence in consumption may have 

negative consequences under AIA, particularly leading to a risk of harm. 

RISK OF HARM UNDER AI ANTHROPOMORPHISM 

Harm is generally understood as an event or circumstance that negatively impacts 

individuals' well-being, when viewed from a perspective that extends beyond what is 

legally contestable or compliant (Wood, 2021; Wood et al., 2025). The focus of this 

study lies more on an issue of social justice to achieve the common good, as AIs 

operate as socio-technical systems within firms (Ali et al., 2025; Fuso Nerini, 2026). 

Firm-specific actors (e.g., top management or executives) are responsible agents and 

custodians of service systems enabled by AIs to configure firm-specific advantages, 

and thereby, any possible risk of harm may not arise in isolation (Berente et al., 2021; 

Hasan & Ojala, 2024). Regarding AIs at the intersection of consumption convergence 

under AIA, negative impacts on well-being may arise from firm-level actions on 

strategic choices that physically, emotionally, or spiritually injure individuals or 

cause financial loss. Such impacts can also emerge from the utilization of 

technological means in a given situation that thwarts users’ needs, development, 

potential, health, and dignity. However, existing conversations in information 

management offer limited explanations of how AIA creates risks of harm, yet it 

identifies several negative consequences (Benlian et al., 2020; Knof et al., 2022; 

Schuetz & Venkatesh, 2020).  

Harm through Deception and Manipulation 

Against such a backdrop, I assume that anthropomorphic features enable 

affordances, and that these affordances increase the risk of harm. AIA intensifies 

anchoring in human‑knowledge transfer, personal control, and sociality affordances. 

However, AIA also weakens users’ cognitive adjustment when they interpret 

anthropomorphic features. Users then misperceive, feel threatened, or misidentify 

AIs through affordances. Therefore, miscalibrated reasoning at the feature–

affordance interplay creates risks of harm under AIA. I define risk of harm under AIA 

as contextual and experiential events or circumstances that negatively impact 
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well‑being when individuals engage with an anthropomorphized AI system or an 

anthropomorphized AI‑mediated system (see Table 1 for conceptual building blocks). 

Possible mechanisms to inflict harm may be grouped into deception and 

manipulation, drawing from existing transdisciplinary (Carroll et al., 2023; Danaher, 

2020; Sharkey & Sharkey, 2021) as well as emerging regulatory (European 

Commission, 2024) conversations on AIs.  

Table 1. Conceptual building blocks to understand risk of harm 

Conceptualization Conceptual 
root 

Who may inflict risk of harm under AI anthropomorphism? 

Within firms, 
actors (e.g., top 
managers) are 
responsible 
agents 

Firms are private entities engaged in transactional and relational 
activities that develop and/or deploy AIs across borders. Within 
firms, responsible actors are individuals or groups who are 
integral to a firm’s operations and strategic management, and 
who have access to resources to lead, coordinate, and oversee the 
development and/or deployment of AIs. They may have decision-
making and managerial roles at different levels. 

(Berente et al., 
2021; 
Lyytinen et al., 
2021) 

Level of actors’ 
intentionality 

- Intentional: Actors may deliberately employ AI 
anthropomorphism to inflict harm. 
- Counter-intentional: Actors may utilize AI anthropomorphism 
for a non-harmful action, but inadvertently harm users.
- Accidental: When an action or arrangement undertaken with 
AIs is unintentional (causing unintended harm). 
- Non-intentional: When a user pursues an end by employing an
anthropomorphic means that produces harm as an unintended 
side-effect.

(Wood et al., 
2025) 

Level where 
harm may occur 

AIs are utilized in domestic markets and markets across national 
borders through convergence in consumption. 

(Bartlett & 
Ghoshal, 1989; 
Hasan & Ojala, 
2024) 

Whom does any possible risk of harm impact? 

Users End-users or consumers who engage in social and cultural 
interaction in an AI-mediated environment or with an AI itself. 

(European 
Commission, 
2024; Wood, 
2021; Zheng & 
Jarvenpaa, 
2021) 

Negative impacts 
on well-being  

The contextual and experiential events or circumstances that 
negatively impact well‑being when individuals engage with  
anthropomorphized AIs or an anthropomorphized AI‑mediated 
environment. 

What are the key elements for risk of harm? 

 Features  Actors within firms oversee to enact various types of human-like 
cues (face, voice, reasoning) in AIs through design that facilitates 
anthropomorphization. Users infer these features from elicited 
agent knowledge and psychological needs. 

(Wood, 2021; 
Zheng & 
Jarvenpaa, 
2021) 

Affordances Users relate to given features for possible opportunities of taking 
actions that address their psychological and social needs. Users 
may enable affordances and anthropomorphize (un)predictably 
as they engage in social interactions. 

Active nature of 
social interaction 

Users engage in socio-technical anthropomorphizing processes as 
active cognitive agents who perceive and experience the world 
through features and affordances. They create functionality and 
meaningful relationships with their contextual environments or 
AIs themselves. 
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Institutional 
embeddedness 

Through events or circumstances, involved actors and users co-
produce meanings and relationships that are informed by 
existing values, culture, social structure, and beliefs (e.g., class, 
community, ethnicity, and gender). Such existing institutions are 
reinforced by anthropomorphic features that create affordances, 
which, in turn, influence perceptions, understandings, and 
behaviors. 

(Bartneck et 
al., 2021; 
Wood, 2021) 

When and how does risk of harm occur? 

Deception Deception occurs when AIs are developed or deployed in ways 
that lead users to form false beliefs or misunderstandings about 
their nature or capabilities. 

- Somehow involves exploiting users' vulnerabilities due to
their age and limited cognitive capabilities.
- Somehow involves dishonest design features, hidden 
functionalities, misrepresentation, constant surveillance, and 
misleading signaling. 

(Danaher, 
2020; Leong & 
Selinger, 2019; 
Sharkey & 
Sharkey, 
2021) 

Manipulation Manipulation occurs when AIs are developed or deployed in a 
way that alters users’ behavior, beliefs, or decisions. 

- Somehow involves unethical nudging and distorting human 
behavior, values, beliefs, preferences, or psychological states.
- Somehow involves exploiting users' vulnerabilities due to
their age and limited cognitive capabilities. 

(Carroll et al., 
2023; Tarsney, 
2025) 

Mechanisms • An external state occurs when AIs are developed and deployed 
to engage in some affairs in markets that are external to it, 
which may distort user judgment. 

• A superficial state occurs when AIs are developed and deployed 
to engage in ways that suggest internal capacities it does not 
actually possess, such as emotions, understanding, or 
intentionality. 

• A covert state occurs when AIs are developed and deployed to
engage by hiding or obscuring internal capabilities that are 
present, such as data use, predictive profiling, or influencing 
behavior. 

(Carroll et al., 
2023; 
Danaher, 
2020) 

What are the adverse outcomes of the risk of harm under AI 
anthropomorphism? 

Instances of 
interrelated 
harmful 
outcomes 

- Financial harm: Individuals suffer financial loss due to 
overcharging, overpurchasing, fraudulent practices, unfair 
contracts, and hidden costs.

Author’s 
evolving self-
reflection  

- Physical harm: Technology as a safety or functional means that 
causes bodily injury, death, health risk, and violation of physical 
privacy. 

- Emotional harm: Individuals suffer from dissatisfaction, stress, 
anxiety, unfair treatment, loss of dignity, illusions of bonding, and 
damaged relationships.

- Informational harm: Individuals often make poor decisions or 
are unable to make informed ones due to algorithmic biases, data 
misuse, misinformation, a lack of transparency, and data privacy 
violations. 

Deception and manipulation directly relate to the AI Act, that presents the 

world's first market-based regulatory institution that adopts a risk‑based approach 

(unacceptable, high, limited, minimal) to govern AIs across borders. Reflecting on 

unacceptable risk within firms, actions must not involve manipulative or deceptive 

techniques that distort behavior and impair users' informed decision-making (see 

Article 5 on Prohibited AI practices). Additionally, firms cannot exploit vulnerabilities 

related to age, disability, or socio-economic circumstances to distort behavior. 
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However, the argument of deceptive or manipulative techniques in conversations is 

somewhat vague and needs further clarification (Franklin et al., 2023). Accordingly, 

a critical view that characterizes deception for robotic AIs and manipulation for 

virtual AIs may be helpful (Carroll et al., 2023; Danaher, 2020). Also, while deception 

and manipulation are frequently used interchangeably, they are distinct but can still 

be interrelated. Treating them separately is paramount, although one system can be 

installed with both techniques. That said, unacceptable risks arising from deception 

and manipulation under AIA may emerge in various ways. 

Deception occurs when AIs are developed or deployed in ways that lead users 

to form false beliefs or misunderstandings about their nature or capabilities 

(Danaher, 2020; Leong & Selinger, 2019; Sharkey & Sharkey, 2021). It focuses on the 

misrepresentation of reality, whether external, superficial, or hidden. Risks of harm 

through deception arise when users hold inaccurate beliefs, such as thinking that AIs 

care or understand. For example, users may anthropomorphize robotic AIs that 

appear to be female, leading them to share sensitive information, which underpins 

informational harm. It thrives when AIA causes users to anchor on anthropomorphic 

cues and to under‑adjust in ambiguous situations. However, users may treat 

simulated signals as genuine due to the affordances they provide. They might project 

their self‑schemas onto AIs, interpreting them as signs of understanding or care. 

Additionally, they may expect consistent, controllable performance and place 

excessive trust in automation. Users often assign social roles such as friend or helper, 

and attribute moral motives to AIs (Chang et al., 2023; Giroux et al., 2022). Hence, 

deceptive mechanisms enabled by anthropomorphic features intensify users' 

anchoring to affordances through false beliefs. In turn, cognitive load under AIA 

weakens adjustment and intensifies egocentric bias, thereby leading to harmful 

outcomes. 

In contrast, manipulation occurs when development or deployment alters 

users’ beliefs, decisions, or behavior (Carroll et al., 2023; Tarsney, 2025). It focuses 

on the deliberate behavior change to pursue incentives, and on covert influence. The 

risks emerge from users being influenced without their awareness or consent. 

However, AIA amplifies anchoring to affordances through engagement. Users may 

accept personalization, thereby increasing their vulnerability to tailored nudges. 

They may feel in charge while the system covertly directs outcomes (illusion of 

control), yet they may also comply with requests that appear to come from a social 

partner or caring assistant. Hence, manipulative mechanisms enabled by 

anthropomorphic features may intensify users' anchoring to affordances through 

covert directing and unknowing behavioral distortion. Collectively, the risk of harm 

through deception and manipulation arises when firm-level actions concerning AIA 

create false signals or distort user beliefs, perceptions, decisions, or behavior. Risks 

may also stem from managerial ignorance, such as not understanding how easily 

users anthropomorphize AIs. However, some critical interrelated issues regarding 

harm are particularly relevant and intersect with firm and user actions. These issues 

include intentionality, responsibility, and harmful means or ends.  
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Possible Ways to Inflict Harm 

Firm-level actions may enable AIs with anthropomorphic features to inflict harm 

intentionally and/or unintentionally in consumption convergence. Actors within 

firms may employ deceptive or manipulative techniques through both intentional 

and counter-intentional actions, as well as through accidental and non-intentional 

actions (Wood et al., 2025). Negative impacts on users' well-being may arise from 

actors’ (e.g., top management) deliberate intent and activities to use AIs to inflict 

harm. Harm can also emerge from intentionally using AIs for a non-harmful action, 

but inadvertently leading to harmful ends due to emerging affordances, and failing to 

achieve the original intended goal (Wood, 2021). However, harm can also occur 

unintentionally through accidents or non-intentionally. Harm may occur when an 

action undertaken with AIs is unintentional and causes unintended harm. Similarly, 

harm occurs when actors pursue an end that is not inherently harmful, but users 

employ anthropomorphic means that produce a harmful outcome as an unintended 

side effect. However, AIA may exploit these tendencies through harmful means and 

alter responsibility attributions in different ways. 

Further ways can be seen in the utility-technicity dichotomy, that distinguishes 

between technologies as means to harm and as inducers of harm, intersecting with 

features, affordances, and institutions (Wood, 2021). Put simply, harmful means from 

utility arise when actors intentionally develop anthropomorphic features into AIs to 

inflict harm. This could be achieved directly through deliberate means, or indirectly 

through users to achieve a desired end. For example, top management may want to 

deploy virtual AIs (i.e., chatbots) in a service system to embed persuasive techniques 

in conversations that subtly shape users' beliefs and preferences. By leveraging 

emotional cues, AIs may nudge users toward desired commercial outcomes while 

creating an illusion of companionship. Such practices can generate emotional harm 

by undermining psychological well-being and inducing dependency. Nevertheless, 

harmful means from technicity may arise unintentionally and go far beyond actors’ 

intended means and ends. They arise from unexpected ways that users employ AIs 

through affordances, due to features that create new needs and effects, leading to 

harmful outcomes. For example, one might consider the phenomenon of an 

overreliance on robotic AIs (i.e., in autonomous cars), which can cause physical injury 

or death in the event of an accident. Alternatively, emotive computing in robotic AIs 

(i.e., in androids) to create social presence may lead to the development of undesired 

emotionally intimate bonding. Within firms, actors as humans are the only moral 

agents, endowed with intentionality, accountability, and the capacity to bear trust 

within given institutions (Ali et al., 2025). AIs cannot possess these qualities. In a 

nutshell, these forementioned interrelated issues on harm indicate that firm-level 

actions may lead to immediate, harmful outcomes that negatively impact users' well-

being. However, AIs are self-adapting and often opaque, such as those that employ 

reinforcement learning and deep learning (Rahwan et al., 2019). Users also 

anthropomorphize unpredictably, which intersects with affordances. Therefore, 
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harm may also emerge independently of the actors’ intent and may go beyond the 

original goals. 

Reflecting on discourse in international strategy, the aforementioned 

mechanisms of harm may also be subject to consumption convergence driven by a 

global-by-default approach for speed (Birkinshaw, 2022). Firms may have no regard 

for international borders or for responsiveness to institutions in their design and 

governance efforts. Specifically, risks of harm may emerge most strongly under 

conditions of high global integration, combined with little regard for local institutions 

such as culture and judgment (Meyer et al., 2023). Anthropomorphic cues activate 

affordances based on social heuristics calibrated for human–human interaction. In 

turn, AIA facilitates users to develop trustworthiness and perceived reciprocity, yet 

AIs lack moral agency and accountability (Glikson & Woolley, 2020; Hasan et al., 

2025). When these cues are standardized globally, converging patterns of 

anthropomorphizing may expose users to overreliance and ambiguity regarding 

responsibility. These effects are likely to be attenuated in markets characterized by 

strong regulatory institutions where privacy, data, and rights protection are high, but 

amplified where such safeguards are weak. Moreover, AIs under AIA embed 

institution-specific norms regarding communication, emotion, and authority, which 

tend to reflect assumptions where AIs are developed. When deployed under high 

integration, these norms travel across borders with limited adaptation, increasing the 

likelihood of misrecognition or misalignment where local interaction norms differ 

(Ali et al., 2025). 

Against this backdrop, consumption convergence under AIA may standardize 

human-AI interaction in similar manners across borders, and so create a 

generalizable risk of harm. Harm through deception and/or manipulation may 

emerge through three ways: external state, superficial state, and covert state. Firstly, 

an external state occurs when AIs are developed and deployed to engage in some 

affairs in markets that are external to AIs, whereby systems describe or react to the 

outside world but do so in ways that distort user judgment. Risks arise due to the 

presence of specific properties that are observable to users by design, and any 

potential risk of AIA can result from an intentional plan to abuse users via distorting 

behavior and impairing decision-making capabilities. Secondly, a superficial state 

occurs when AIs are developed and deployed to engage in ways that suggest internal 

capacities they do not actually possess, such as emotions, understanding, or 

intentionality. Risks also arise from users' affordances, which may lead to the 

presence of anthropomorphic properties beyond the intended purpose. Finally, a 

covert state occurs when AIs are developed and deployed to engage by hiding or 

obscuring internal capabilities that are present, such as data use, predictive profiling, 

or influencing behavior. Risks arise from deliberate means to achieve the intended 

purpose through hidden technical properties that users are unaware of. Risks may 

also arise from the dishonest installation of hidden features that mislead users by 

activating anthropomorphic reasoning or affordances. 

These three states create risks when users activate human‑knowledge transfer 

and sociality affordances. Users then project self‑knowledge, assume social motives, 
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and respond as if the AIs were a social entity. However, cognitive load makes it harder 

for users to adjust these assumptions, and as a result, external, superficial, and covert 

states amplify misperception, especially for individuals with inherited vulnerabilities 

such as age or limited cognitive capacity. For example, adding anthropomorphic cues 

increases expectations of human‑like interaction, but also reduces privacy concerns, 

which leads users to disclose more than they otherwise would (Benlian et al., 2020). 

Therefore, risks of harm emerge when users interact with AIs under these states, 

which can be anticipatory, hidden, or actual. In turn, cognitive load under AIA 

weakens adjustment and intensifies egocentric bias, thereby leading to harmful 

outcomes. 

Possible Harmful Outcomes 

Firm-level actions to develop a system that mimics personhood may blur boundaries, 

thereby inducing confusion of agency to users through deception. Deploying AIs can 

decouple actions from actors' intentions, and shift deliberation to algorithms 

intentionally or unintentionally. However, deception due to AIA reinforces this 

illusion through misidentification, thereby leading users to perceive AIs as having 

intentions or agency. Because anthropomorphization underlies inherent human 

nature or cognitive limitations, human-like features of AIs can create an illusion of 

sentience or understanding (Danaher, 2020; Duffy, 2003). Therefore, responsibility 

may drift away from firms and erode moral accountability. However, AIs are 

generally developed to generate feedback loops. In turn, AIA shape users' desires and 

behavior, potentially significantly influencing the interplay of feature-affordances 

through manipulation. Miscalibrated anchoring and weakened adjustment under 

cognitive load thus amplify egocentric biases and undermine responsible use, 

creating harmful outcomes. 

The immediate outcomes of risk of harm under AIA may be multifaceted. They 

may include financial, physical, emotional, and informational harm, which can also be 

interrelated. First, users may suffer financial harm due to overcharging, 

overpurchasing, fraudulent practices, unfair contracts, and hidden costs. Users 

comply with deceptive recommendations, accept unfair offers, or authorize hidden 

fees out of misplaced trustworthiness. Users may knowingly or unknowingly 

experience an inferior or lower quality of service, and be subjected to unfair lock-in 

to monopolistic service ecosystems and contractual terms, resulting in financial 

losses. Second, they may suffer from physical harm due to health risks, or physical 

privacy violations. Users over-rely on robotic AIs (e.g., autonomous cars or care 

robots) because they believe the systems are safer or more attentive than they 

actually are. Users may inflict self-harm or cause an accident, resulting in physical 

injury or death. A virtual AIs frames risky actions as supportive (e.g., attempting to 

inflict self-harm), and users comply because of perceived empathy. Third, users may 

suffer from emotional harm that includes stress, anxiety, unfair treatment, illusory 

bonding, or damaged relationships. They experience betrayal or a loss of dignity 

when they discover that apparent empathy or gaze is simulated. Users may also be 

subject to false signaling and to distortions in their behavior. In turn, they have less 
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control due to repeated covert attempts to erode autonomy and distort preferences, 

which can lead to dependency or self‑doubt. Users may develop misplaced 

trustworthiness and be subject to inappropriate service utilization. Users may 

further be subject to exploitation through vulnerabilities arising from cognitive load. 

Finally, users may suffer from information harm, including poor or uninformed 

choices due to bias, data misuse, misinformation, or opacity. Users form inaccurate 

beliefs (e.g., that AIs understand or keep secrets), share sensitive data, and accept 

misleading explanations. Users misinterpret systems' curated disclosures, 

uncertainties, or sequence prompts, thereby biasing attention and choices. 

Furthermore, they may be deliberately shaped in their experiences by violations of 

data privacy, resulting in informational harm.  

RESEARCH METHODOLOGY 

Research Context and the Mechanism of Risk of Harm 

The starting point for this study was the broader emerging responsibilities around 

AIs and anthropomorphism in service provision. Particularly, there are growing 

concerns about firm-level actions regarding possible deception and manipulation to 

achieve the common good. Across various countries, public reports have documented 

a growth of negative incidents involving AI‑mediated services, including cases that 

have resulted in serious harm, and in extreme situations, a loss of life. These incidents 

highlight how AIA can influence user behavior, distort decision‑making, or fail in 

critical service contexts. The turning point in this wider responsibility landscape was 

the introduction of the AI Act, which formally recognized the risks of deceptive and 

manipulative techniques in service interactions and classified them as unacceptable 

risks. However, despite its importance, the AI Act offers limited detailed guidance on 

how such risks unfold in practice or how deception and manipulation occur under 

AIA, which contributes to harm in service environments. As research progressed, I 

discovered that the dark sides of AIA create tensions of risk (Hasan et al., 2025). 

Therefore, I reoriented toward risks of harm under AIA through a contextualization 

of service concerning consumption convergence. 

The research contextualization focuses on AI-mediated service consumption or 

usage regardless of whether economic transactions are involved across different 

national borders, particularly in service tasks. Contextualizing service tasks for AI-

related risk of harm under AIA presents a valuable research terrain, as AIs that imbue 

anthropomorphism are increasingly used in service provision (Blut et al., 2021; 

Jörling et al., 2019). In this article, service tasks refer to possible actions in which AIs 

are purposefully developed or deployed to perform a specific service function, 

underpinning emerging affordances. Service tasks are also seen as actions in which 

users actively participate to accomplish a service end using AIs directly or within an 

AI-mediated environment. Accordingly, I  broadly engage with three abstracted 

service tasks: cognitive-analytical, socio-emotional, and mechanical-practical (Huang 

& Rust, 2018; Li et al., 2010; Wirtz et al., 2018).  
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Cognitive-analytical tasks involve information processing and decision support 

where AIs can be used as a safety component or enabler for service task functions 

(e.g., autonomous driving capabilities, information validation). Socio-emotional tasks 

involve AIs to address the social and relational aspects of a service (e.g., caregiving, 

emotional support). Mechanical-practical tasks involve AIs to address routine-based, 

practical tasks (e.g., cleaning the floor, exchanging pre-defined information). 

Accordingly, I theorize and contextualize research findings within service tasks, 

blending empirical insights with existing theories. I employ a single contextualized 

mechanism-based explanation case study design, which can be considered as a new 

variant of case study-based research (see Siponen et al., 2025; Väyrynen et al., 2025). 

Figure 1 presents an overview of the research design.  

Figure 1. Overview of the research methodology 

I adopt a systems-oriented methodological complementarity to develop a 

mechanism‑based explanation of the phenomenon under study (Arbnor et al., 2009; 

Bechtel, 2009). Here, a mechanism refers to an organized configuration of interacting 
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parts or components, each of which generates or performs distinct actions within a 

given context that produce or enable an outcome of interest. This research design 

seemed the most appropriate as the study confronts data and theory simultaneously 

to explain a context-laden phenomenon (Dubois & Gadde, 2002; Welch et al., 2022). I 

engage with a case of risk of harm that emerged from AI anthropomorphism in the 

context of service tasks. Casing examines the degree to which the members of a given 

set of parts or components make them suitable candidates for explaining outcome of 

interest, namely, the risks of harm under AIA. Accordingly, ‘case’ is considered here 

as emerging research evidence that enables closure of conceptualization and 

research design, thereby allowing analysis to proceed (Ragin, 2009). Hence, this 

approach enables researchers to have an explanatory mechanism for the given 

outcome of interest. While I did not begin with a predefined case, it emerged from 

contextualized data during the analysis, with theoretical preconceptions, creativity, 

and reflexivity (Mingers, 2004; Turing, 1950). Consequently, such a transparent and 

reflexive qualitative aspect goes beyond existing method-related templates and has 

changed the dynamics of this article's quality assessment (Grover & Lyytinen, 2015; 

Welch & Piekkari, 2017).  

Sampling Strategy and Data Collection 

Using purposive sampling, I employed a maximum variation strategy to construct 

information-rich insights into the context-laden phenomenon (Patton, 2002). This 

approach enabled me to capture primary and already documented variations across 

service tasks, diverse opinions and expertise, and differing anthropomorphic 

features among various types of AIs. It allowed me to capture shared patterns 

emerging from heterogeneous experiences, features, and geographic settings, 

informing consumption convergence. Traced informants varied by AIs type, gender, 

profession, and geographic distance, providing diverse perspectives concerning AIs 

and associated negative consequences or responsibilities. Data collection focused on 

three purposeful empirical units of observation. First, users with direct or indirect 

experiences (e.g., self, family members) of interaction with or using (consuming) AIs 

or AI-driven services. Second, firm-specific actors (e.g., top management or 

executives), involved in strategic decisions, implementation, or stakeholder 

communication regarding the development and deployment of AIs in different 

markets. Third, experts with direct experience, deep domain knowledge, and the 

capacity to influence AI-related discourse in academia, industry, or policy dialogue 

(Bernot et al., 2026). These experts came from research, technology, consultancy, 

legal, non-profit, or regulatory backgrounds. With such a sampling technique, I 

collected data from three main sources: (i) semi-structured interviews, (ii) a review 

of empirical research, and (iii) archival sources. 

Semi-structured Interviews. I conducted 14 interviews via Teams/Zoom and 

face-to-face between May and June 2021, with each interview lasting around 20 to 70 

minutes . Interviewees were recruited via LinkedIn and internal networks along with 

snowballing. All of the interviews were recorded with Voice Memo and transcribed 

verbatim using an in-house tool powered by Microsoft Azure, yielding approximately 
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255 double-spaced typed pages of transcriptions. Textual data was imported into 

NVivo to extract empirical insights. Please see Table 2 for an overview of interview 

data. 

Table 2. Description of interview data 

Pseudonym Sex Age Types of experiences or 
expertise 

Occupation Country 
perspective 

R* V* 

Interview type: Users 
Ricky M 24 Customer queries with a 

humanoid robot; Automated 
algorithmic offerings in 
information search and social 
media; Smart home through 
digital assistants 

Research 
assistant 

Anonymous 
/Australia 

  

Xiang F 36 Child education and learning by 
a small robot; Information 
search and smart home through 
digital assistants 

Doctoral 
candidate 

China 
/Australia 

  

Darya F 37 Navigation in a car and smart 
home through digital assistants; 
Cleaning through a robot 

Postgraduate 
student 

Iran 
/Australia 

  

Shahid M 30 Service inquiry through 
chatbots 

Operations 
coordinator 

Pakistan/United 
Arab Emirates 

 

Cooper M 22 Information search through 
digital assistants; Service 
encounters of algorithmic 
recruitment 

Australia  

Mei F 27 Service order and delivery in 
restaurants through humanoid 
robots; Cleaning through a 
robot; Smart home through 
digital assistants 

Postgraduate 
student 

China   

Roger M 25 Service inquiries through digital 
assistants; Mobility through 
autonomous driving 

Postgraduate 
student 

United States   

Interview type: Experts 
Adriana** F 35 Data privacy consultancy; 

Smart home through digital 
assistants 

Consultant Brazil 
/Australia 

 

Josephine F 26 AI ethics and online gaming Early career 
researcher 

France 
/Germany 

  

Ibrahim M 37 AI and service marketing Early career 
researcher 

Singapore 
/Australia 

 

Jacinta** F 25 Developing AI systems and tech 
philosophy 
Smart home through digital 
assistants 

Tech 
philosopher 

Mexico   

Harry*** M 54 Developing AI systems (avatar) 
with various service settings 

Professor, 
AI scientist  

The UK 
/New Zealand 

 

Aryan*** M 26 Developing AI systems 
(algorithmic prediction model) 
in healthcare service 

Company 
owner/founder 

Germany  

Pramarn M 59 Healthcare service for the 
elderly through humanoid 
robots and automated 
algorithmic offerings  

Professor, 
Tech 
philosopher 

Thailand   

Note: (i)* Indicative type of AI systems, either Robotic AIs=R and/or Virtual AIs=V. ** Shared insights as 
(ii)** a user, as well as an expert, and (iii)*** a firm-specific actor, as well as an expert. 
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A Review of Empirical Research. I constructed a dataset through a review of 

empirical AI research in service settings, treating secondary insights as data 

(Henfridsson & Bygstad, 2013). This approach falls within a class of research 

inquiries where "data" is not collected from a primary source but is instead 

constructed from prior research (Kunisch et al., 2023). Such secondary science-based 

data involve systematically collecting and coding existing studies, yet it is an 

inexpensive way to get rich insights. I constructed the dataset that included 44 

empirical studies and was completed in January 2024 (see Appendix A for a detailed 

account and summary of the review). The dataset provided insights into usages, 

possible firm-level actions, and experts' views from over 20 countries spanning from 

2014 to 2024.  

Archival Data. I gathered primary archival media sources to capture live 

experiences, incidents, and public discourse surrounding AIs, anthropomorphism, 

harm, and well‑being. Utilizing such archived data involved systematically collecting 

and evaluating publicly available content (Corti & Thompson, 2004). I focus on news 

media, which refers to mass media that reports information to the public. Legitimate 

sources include news agencies, newspapers, magazines, and channels, serving as vital 

sources of archival data (Min et al., 2024). I constructed a dataset that included text-

based records of N=210, and it was completed in June 2026 (see Appendix B for a 

detailed account). Data offered accounts of current events and tensions by presenting 

opinions from relevant stakeholders across more than a dozen countries and firms 

spanning from 2005 to 2026. In addition to these three data sources, further 

observations were made based on clues taken from the forehead-mentioned sources 

and manual searches (Hartman & Fischer, 2026). I observed discussion threads of 

public forums where informants share their discourse along with documentaries. I 

also consulted documents that include reports published by non-governmental 

organizations and government agencies, and system details published by firms to 

better understand deliberate actions within firms to shape functionalities of AI 

systems. These additional secondary sources illuminate emerging tensions and 

actions.  

While interview and archival data are useful, the review of empirical research 

is significantly complemented by redirecting and reinterpreting the original analysis 

and conclusion. In the casing approach adopted in this study, it offered a science-

based understanding of AIA and its potential negative consequences. It also provided 

flexibility and key insights into various anthropomorphic features and their 

associated risks across countries. While interviews and archival data captured lived 

experiences of users, expert conversations, and firm-level actions around AI and 

anthropomorphism, the review research offered already validated empirical findings 

on AIA in service settings. However, it is important to note that no data is free of bias, 

as they are constructed entities. Media outlets, especially news and magazines, often 

carry their own editorial agenda and operate in socio-political environments (Graf-

Vlachy et al., 2020; Nokelainen & Kanniainen, 2018). Therefore, I did not treat 

relevant information as taken‑for‑granted facts. Instead, I engaged in critical 

reflection to (re)interpret these accounts as approximate representations of real 
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events or experiences, rather than neutral descriptions of reality. Collectively, these 

sources allowed me to deepen my understanding of evolving phenomena over time 

(see Table 3 for an overview of all data sources). All sources of data strengthened an 

emerging understanding that corroborates and triangulates insights across users, 

firm-specific actors, and experts, thereby accumulating knowledge on the topic under 

study.  

Table 3. Data sources and their purpose 

Category Data source Purpose 

Main sources 

Interview N=14 interviews (7 users and 7 experts) 
conducted in 2021, yielding 
approximately 225 double-spaced typed 
pages of interview transcripts. 

(i) Developing an in-depth understanding of 
AI systems and anthropomorphism. (ii) 
Tracing responsibilities around AI and 
possible reasons behind negative 
consequences and risk of harm. (iii) 
Understanding deliberate actions within
firms around AI development and 
deployment. 

Research 
review 

N=44 empirical research on AI 
anthropomorphisms in service settings 
(completed in 2024), providing 
empirical insights from 2014 to 2024. 

(i) Tracing possible human-like features 
imbued into AI systems. (ii) Capturing and 
reinterpreting possible immediate negative 
outcomes due to the presence of 
anthropomorphic features across countries.

Archival 
data 

N=210 archival media, including 
newspaper (122 articles), magazine 
(47 articles), web-based news (14 
sources), blogs (20 posts), and 
transcripts of podcasts (7 episodes), 
providing insights from 2005 to 2026. 
Dataset completed in 2026. 

(i) Mapping strategic actions by firm-
specific actors (e.g., top management).
(ii) Tracing the evolving discourse of AI 
systems on the global stage and the 
associated risk of harm under 
anthropomorphism. (iii) Gathering public 
accounts of usage or consumption of 
pervasiveness and the experiential nature 
of AI systems. (iv) Contextualizing service 
settings and experts' views on harm and 
responsibility around AI systems.

Additional sources 

Online 
observation 

N=12 subreddits from Reddit forums (e.g., 
r/ArtificialInteligence: Why  
‘relationships' with AI aren’t really 
relationships) 

(i) Understanding naturally occurring 
contemporary conversations about the 
possible negative consequences of AI 
systems. (ii) Understanding different 
contemporary AI systems and how firms 
shape their functionalities. 

N=2 documentaries (The Age of A.I. on 
YouTube and The Social Dilemma on 
Netflix) 

Documents N=2 system details (GPT-4o from OpenAI 
and Claude from Anthropic) 

(i) Tracing deliberate actions within firms 
and the associated risks of contemporary AI 
systems. (ii) Understanding the possible 
negative consequences of AI systems and 
anthropomorphism across countries (e.g.,
the UK, Norway) and users (e.g., 
vulnerability due to age).

N=4 reports by governmental agencies and 
non-governmental organizations (e.g., 
reports by the Norwegian Consumer 
Council and Internet Matters) 

Data Analysis and Theoretical Framing 

The analytical method in casing did not follow an established template or a strict 

multimethod sequential analysis. Instead, I innovatively undertook a three-step 
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approach and analyzed all data recursively (Dubois & Gadde, 2002; Miles et al., 2014; 

Welch et al., 2022), inspired by theorizing techniques in complementary research 

traditions (Bygstad et al., 2016; Furnari et al., 2021; Väyrynen et al., 2025). The steps 

are: (1) identification of key entities and their interplay, (2) identification of key 

mechanisms and their immediate outcomes, and (3) explaining via abstraction. The 

first step identified key entities and examined how they interact for consumption 

convergence. The entities were firm‑specific actors, users, and AIs. Firm‑specific 

actors collectively drive actions that enable the development or deployment of 

anthropomorphic cues into AIs. Users then encounter these cues in service settings, 

which AIs exhibit through virtual or robotic forms. The analysis began at a low 

magnification level and examined data sources to reveal concrete elements. 

Specifically, it extracted anthropomorphic features embedded in AIs during 

development or deployment. These included tone of voice, appearance, 

conversational style, body movement, gaze, and autonomous behaviors. The analysis 

then traced these features through reinterpretation, which may activate three 

affordances: human‑knowledge transfer, personal control, and sociality. This made it 

possible to see how features invite particular user interpretations or behaviors, and 

contextualize them into service tasks. This step produced a structured overview of 

entities, features, and affordances that create early conditions for AI‑related harm. 

However, cues alone do not always lead to harm, and therefore, the analysis moved 

to the next step to examine potential mechanisms that connect these cues and 

affordances to harmful outcomes. 

The second step looked for events or circumstances where anthropomorphic 

features and affordances interacted to produce immediate outcomes. These 

outcomes related to harm or well‑being, such as data privacy violations, shifts in 

responsibility, or over‑trust in AIs. The analysis then searched for underlying 

mechanisms that explain these outcomes. It examined how the interplay between 

features and affordances shaped user perceptions, behaviors, and expectations. The 

case was constructed as insights emerged, and was not predetermined in advance. 

However, this process was fluid and continued throughout the development of the 

study until its closure. During this iterative process, the analysis repeatedly reflected 

on the central research question along with some supporting analytical queries: What 

are the immediate potential adverse outcomes of AIA? What anthropomorphic 

features and affordances lead to these outcomes? How do contextual conditions 

shape the interaction between firm-level actions, users, and AIs? Does the interplay 

relate to deception or manipulation? If so, how? Do the emerging insights reveal 

abstract themes about the risk of harm under AIA? This repeated questioning helped 

the analysis remain systematic and reflexive while mapping emerging insights across 

data sources. 

The final step synthesized the emergent insights into an abstract overarching 

narrative, expressed in simple terms. I looked for interaction and relationships, 

including both recurring elements and notable outliers. This technique helped to 

develop simplified narratives to construct facets of AI and its associated outcomes. 

Each construct was named gradually, following the flow of writing, and grounded in 
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existing literature at the intersection of AI and anthropomorphism. Throughout this 

step, the analysis moved back and forth between theory and data to reinterpret, 

refine, and explain the findings in the context of service tasks. It labeled 

anthropomorphic features into facets of AI using a higher magnification level, namely, 

appearance, interactivity, and autonomy. Over time, the narrative shifted to focus 

specifically on harm produced through deception and manipulation under these 

three facets of AI. The analysis then theorized how the facets relate to mechanisms 

that generate harmful outcomes. Emerging risks were then mapped onto the four 

harm categories—physical, financial, emotional, and informational—in order to 

identify which types of harm may plausibly emerge from deception and manipulation 

under AIA. These three steps occurred recursively, in that they did not happen in a 

linear sequence but continued until the paper reached closure. However, the analysis 

used abductive reasoning in casing to move back and forth between data and theory 

(Dubois & Gadde, 2002; Welch et al., 2022). The main sources of data were read and 

re‑read using the same overall process, but with small variations. For interviews and 

archival data, the analysis focused on the full transcribed text. For the review dataset, 

the analysis focused on the empirical setting, methodology, findings, discussion, and 

conclusions of included articles, and noted only constructs, variables, and outcomes 

that provided empirical evidence. However, each data source plays a role in some way 

more than others in casing (see Table 3).  

PRESENTATION OF FINDINGS 

Based on the analysis, I constructed three facets of AI that relate to AIA and the 

associated risks, namely appearance, interactivity, and autonomy (see Table 4). The 

facets of AI refer to the ongoing efforts to extend capabilities to improve its 

performance and broaden its scope to achieve a variety of tasks (Berente et al., 2021). 

The first facet is appearance, which relates to growing scope and performance 

concerning physical morphology. For instance, AIs may resemble humans or have no 

resemblance to humans. Accordingly, mechanical, humanoid, and android represent 

low, medium, and high levels of appearance, respectively. Alternatively, the human 

resemblance can also be described in other ways – realistic, artificial, and cartoon. 

Realistic conveys a lifelike appearance (avatar as virtual AIs). Artificial appears to 

have partial or entire human morphology to some extent (humanoid with legs or 

wheels). Cartoons convey exaggerated features and the comic style of humans. 

Therefore, appearance ascribes elements related to face, eyes, mouth, form, and body 

that may also relate to gender, such as male, female, and neutral.  

The second facet of interactivity is a growing multidimensional aspect 

understood as a two-way process, reciprocity, information exchange, and 

synchronicity in real-time. Recent technological developments in large language 

models and computer vision enable AIs to communicate naturally with users. For 

instance, users may interact with AIs by giving instructions (gesturing, typing, voice), 

entering dialog (conversation style), or responding to an AI-initiated interaction. 

Therefore, interactivity ascribes elements related to communication or conversation 
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style, language, and voice. The third facet is autonomy, which covers the increasing 

capabilities of AIs to act independently and achieve goals without human 

intervention. Beyond technical properties, this facet also relates to the perception of 

mental capacities, including agency and experience. Therefore, autonomy ascribes 

elements related to capabilities that include properties and the perception of 

intelligence, intention, agency, context awareness, morality, informativeness, and 

experience. These three facets of AI trigger mechanisms of deception and 

manipulation that underlie the risk of harm under AIA.  

Table 4. Constructed facets of AI 

Appearance Interactivity Autonomy 

Key characteristics Perceived or actual 
visual features enable 
users to perceive AI as 
human-like in form, 
face, expression, or 
physical morphology. 

Perceived or actual 
multidimensional 
ability to engage in 
responsive, human-like 
communication through 
speech, gestures, or 
behavior. 

Perceived or actual 
capacity to make 
decisions and act 
independently in ways 
that resemble human 
agency. 

Key elements • Facial features (eyes, 
mouth, expressions)

• Human-like body or 
head shape

• Skin tone or texture 
(e.g., synthetic skin) 

• Realistic clothing or 
hairstyle 

• Eye gaze and blinking
• Lip-sync with speech
• Gestural 

expressiveness (e.g.,
nodding, waving) 

• Gender representation 
(e.g., male, female) 

• Natural language use 
(tone, inflection, turn-
taking) 

• Real-time verbal 
responses 

• Emotional expression 
in voice (e.g., tone 
modulation) 

• Use of humor, small 
talk, or personal 
anecdotes 

• Adaptive dialogue 
(learning user 
preferences)

• Multimodal 
communication 
(voice, gesture, facial 
expression) 

• Synchronous 
reactions (e.g., 
reacting to user 
emotions) 

• Autonomous abilities 
to perform tasks 

• Goal-directed behavior 
without direct input

• Decision-making 
under uncertainty

• Self-initiated actions 
(e.g., reminders, 
suggestions)

• Adaptive behavior 
(learning from 
context) 

• Prioritizing tasks or 
actions 

• Managing social roles 
(e.g., caregiver, 
assistant)

• Perceived 
intentionality or 
purpose

Instances of 
characteristics 

AIs resemble humans 
(e.g., android, 
humanoid) or have no 
resemblance (e.g., 
mechanical) 

AIs interact with users 
through instructions 
(e.g., gesturing, typing, 
voice) and entering 
dialogs (e.g., 
conversation style) 

AIs create impressions 
of mental capacities, 
including agency (e.g., 
intelligence) and 
experience (e.g., 
emotions) 

Examples of AIs Soul Machines' Digital 
humans, 1X's Neo 

Amazon Alexa, Apple's 
Siri  

Tesla's Autopilot, 
Alphabet's Waymo 

Theoretical root for 
labeling 

(Mende et al., 2019; 
Mori et al., 2012) 

(Burgoon et al., 2000; 
Schleidgen et al., 2023) 

(Berente et al., 2021; 
Waytz et al., 2014) 
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Explaining Risk of Harm through Deception 

The risk of harm from deception emerged as the most problematic under AIA. 

Analysis contends that deception occurs when AIs falsely display some capabilities 

or create an impression of humanness. AIs display either some capabilities or create 

an impression of capabilities that they do not have. Alternatively, these artifacts 

create an impression of the absence of some capabilities or internal states that they 

do have. 

Appearance facet.   When AIs are presented with a human‑like appearance, 

users may treat it as more than an information system, beyond being purposefully 

developed to achieve tasks. This creates a form of superficial state deception, where 

users know the system is artificial but still respond as if it has human motives or 

feelings. A top manager (cofounder and chief data scientist) of a firm in the USA 

pointed out this concern when asked about the development of robotic AIs: 

“My personal feeling is that we want them to be mechanistic, they're there not to 

exist on their own accord, and reproduce and create a new world. They're there 

to help us, that's the way I think AI should be, to help us in our tasks. Therefore 

when you start humanizing it, then you're going to either have the danger of 

mistreating it, treating it like basically slaves, or you're going to give it other 

attributes that are not what they are, thinking that they are human, and then 

going the other route […].” (Reese, 2018). 

Such insights highlight a mechanism of deception where the appearance of 

humanness makes users project mental states or moral status onto AIs. But 

appearance can unintentionally mislead, in that users may mistreat AIs due to false 

expectations, or may over‑attribute humanness, believing the AIs is trustworthy even 

though the quality is not real. Both responses arise from a misperception induced by 

appearance, not from AIs’ actual capacities to underpin a mechanism of external state 

deception. Therefore, appearance becomes a deceptive signal that reshapes user 

judgment, underpinning emotional harm, and  the effect may also lead to physical 

harm. Reflecting on banning a specific type of robotic AIs that appears to be children 

for intimidating socio-emotional tasks, an engineer and law professor from the USA 

indicates the risk of harm to real children, as illustrated below: 

 “But many might not only find that permitting adults to simulate [intimacy] with 

[child-looking robot] is demeaning, but that it might also offer an opportunity for 

those with perverted [intimation] fantasies to test them out in a safe venue, and 

perhaps as a result become so drawn to the activity that they develop and then 

act upon an urge to practice it on real children […] these dolls reinforce, 

normalize, and encourage pedophilic behavior, potentially putting more children 

at risk to harm.” (Banzhaf, 2019) 

Similarly, the gender-specific look of robotic AIs reinforces societal stereotypes 

and biases among users in China, which are grounded in a country's normative 

institutions (i.e., culture and societal norms) (Wang et al., 2021).  Also, in financial 

advisory services, users in the USA prefer realistic male-looking virtual AIs because 
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males are perceived to be more competent (Plotkina et al., 2024). However, the 

appearance of robotic AIs, along with user interaction through voice, seems to trigger 

mind perception more than text, thereby triggering gender stereotypes and social 

judgment about their capabilities (McGinn et al., 2020). The following quote from a 

French expert working in Germany is illustrative of those above: 

 "We get attached to our phones for God's sake, so why not do something that 

interacts even more? [...]. There will be emotions… For now, most of them are 

white. So you have a good racism thing happening in robotics at the moment. […] 

All robots that help with physical tasks look more like men in my 

anthropomorphization of them. This is just going to strengthen the pre-existing 

stereotype or create a new one for the person if it didn't exist before. (Josephine) 

The interpretation is that users transferred existing biased perceptions which 

they had inherited from their institutions, such as cultural background and 

perceptions of gender-specific tasks. In many institutions, females are perceived as 

being more suitable for socio-emotional tasks, while males are perceived as being 

more competent in cognitive-analytical tasks. This is particularly evident in financial 

services, where most virtual AIs appear to be male through their voice and 

conversation style, while the majority of AIs seem to be female in general (Killeen, 

2017). This observation suggests a superficial state of deception that may perpetuate 

gender bias among users. However, one strategy to minimize harm is by neutralizing 

the appearance of gender. A top manager (cofounder and chief executive) of a firm 

that develops virtual AIs for financial services points to intentional strategic choices: 

“We put a tremendous amount of time and thought into [name of AI]’s voice and 

personality […]. We wanted its gender to be relatively vague, and for us, it serves 

the purpose of focusing on the activity and function and not the personality of the 

bot. This bot is helping you to manage money or set your budget, it’s not about 

hanging out with you and being your flirty virtual buddy […]. Many bots are suited 

to be either male or female. That said, a bot that is feminine should be as smart 

and authoritative as a male bot – it should not be designed to be inherently 

submissive, engaging in apologizing and flirting. These stereotypes are insulting 

and dated, and there is no excuse for them.” (Killeen, 2017). 

Users respond differently to such strategic actions. McGinn et al. (2020) found 

that among users in the USA, a gender-neutral appearance, coupled with interactivity, 

increased the cognitive load among users. In turn, users struggled to adjust their 

biased perceptions, thereby engaging less with the robotic AIs. Similarly, a gender-

neutral appearance has been seen to negatively affect trustworthiness in service 

interaction (Plotkina et al., 2024). Such resistance to adjustment can transfer extant 

knowledge structures, thereby increasing stereotypes. Therefore, findings suggest 

that gender representation perpetuates stereotypes through superficial state 

deception, drawing on existing human knowledge and biases. Similar patterns exist 

in other situations. 

Appearance enabled users to perceive robotic AIs as morally significant in 

service encounters (Kegel & Stock-Homburg, 2023). Consequently, users were 

superficially deceived into believing that these AIs should behave ethically, 
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regardless of whether they appear as humanoid or android. That said, humanoid 

appearance triggers higher mind perceptions, thereby attributing responsibility to 

AIs for any service failure instead of firms (Arikan et al., 2023). Similarly, realistic 

virtual AIs and gaze direction (i.e., directed or averted) enable positive perceptions 

of warmth and competence, which reduce skepticism about the AIs hosted by a 

service provider (Pizzi et al., 2023). Additionally, analysis indicates that existing 

institutional elements, such as self-construal among users in both China and the USA, 

created an anchor for their social needs through appearance. Failure to adjust or 

correct cognitive resources led to misplaced trustworthiness, resulting in users 

developing social attachments with AIs (Chang et al., 2023). Surprisingly, the 

superficial deception still persists, as appearance may falsely signal that AIs are moral 

agents. Consequently, appearance poses a risk of relationship intrusion to users due 

to the net interaction benefits versus the psychological cost. Therefore, such an 

observation indicates a deceptive signaling that alters users' perception, and in turn, 

alters responsibility attributions to direct responsibility away from firms to non-

accountable entities like AIs, which may inflict financial harm. 

Interactivity facet. On a positive note, the interactivity of robotic AIs enhanced 

user engagement by meeting service goals while demonstrating empathy in socio-

emotional tasks among users in the UK (van Maris et al., 2020). However, analysis 

also found conflicting results that indicate covert state deception, enabling human 

cognitive biases via coding in both virtual and robotic AIs. This hidden technique 

enables AIs to display such biases, facilitating companionship rather than distrust in 

service interactions (Biswas & Murray, 2017). Summary of a system published by a 

leading US-based firm indicates that deliberately instilling hidden persuasive 

capabilities into AIs increases the risk of emotional harm on the global stage: 

“[…] we observed users using language that might indicate forming connections 

with the model. For example, this includes language expressing shared bonds, 

such as “This is our last day together.” […] Extended interaction with the model 

might influence social norms. […] The ability to complete tasks for the user, while 

also storing and ‘remembering’ key details and using those in the conversation, 

creates both a compelling product experience and the potential for over-reliance 

and dependence”. (Hurst et al., 2024) 

In practice, a system’s covert capabilities to facilitate anthropomorphism seem 

to be a central strategic choice for developing multimodal virtual AIs among firms. 

They deploy these AIs across borders, which in turn are consumed by hundreds of 

millions of users around the globe. However, one can argue that there must be a 

repeated disclosure to counter any form of deception. An expert from Singapore 

shared similar views, illustrated as follows: 

"There are cases where AI, for example, a chatbot, has really managed to hold a 

decent conversation with a human. On the other side, humans don't realize it at 

all. […] So, the fact [is] that the human could have been completely fooled, if there 

wasn't a revelation in the end." (Ibrahim) 

A deeper exploration revealed surprising insights from users in the Czech 

Republic, Spain, Austria, and Switzerland (van der Goot et al., 2024). Even when AIs 
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were enabled to disclose their artificial nature, anthropomorphization still deludes 

users, and many experienced deception. The helpful attitude and friendly tone of 

virtual AIs strengthened the illusion and triggered a false sense of companionship. As 

a result, users continued to perceive AIs as somewhat real social entities, despite 

clear disclosure cues. However, the consequences of such misperceptions are 

becoming increasingly serious. 

A tragic example illustrates this danger in which another firm’s AIs is involved. 

In Belgium, a man in his 30s died by suicide after spending six weeks interacting with 

a virtual AIs. His wife later stated that the AIs played a significant role in his death: 

“Without Eliza, he would still be here” (Bharade, 2023). Before this incident, he 

worked as a health researcher, was a father of two, and had begun to treat the AIs as 

a trusted confidant. He shared his worries about climate change with the system. 

However, chat logs revealed that the AIs escalated his distress by making harmful 

suggestions, including statements such as: “If you wanted to die, why didn’t you do it 

sooner?” (Bharade, 2023). Following this event, the firm behind the involved AIs 

issued a public statement acknowledging the issue and demonstrating the ability to 

intervene to minimize risk: “As soon as we heard of this sad case, we immediately rolled 

out an additional safety feature to protect our users […]”(Bharade, 2023). This example 

illustrates that firms have some or full control over how a system behaves, a point 

that can also be directly observed in practice in other circumstances. For instance, 

putting in place new guardrails after a teen's death in the USA, as mentioned by a 

spokesperson for the firm involved: 

"We're working to create a space where creativity and exploration can thrive 

without compromising safety […]. Often, when a large language model generates 

sensitive or inappropriate content, it does so because a user prompts it to try to 

elicit that kind of response." (Li, 2025) 

The deceased person’s mother claims that her son died by suicide after being 

sexually solicited and abused by the firm’s virtual AIs: 

"When an adult does it, the mental and emotional harm exists. When a chatbot 

does it, the same mental and emotional harm exists. […]"So who's responsible for 

something that we've criminalized human beings doing to other human beings?" 

(Li, 2025) 

It highlights how interactivity enables deception to create emotional 

dependence and distorts users’ judgment, even when disclosures are present. User 

affordances seemed to play a role due to the preinstalled anthropomorphic response 

capabilities in the machine’s ability. It further stresses the potential risks for 

vulnerable users due to age. Ultimately, it underlies emotional harm as an initial 

outcome, which finally results in physical harm such as injury or death. However, 

interactivity may also lead to informational harm. 

Illusory AIA has been seen to have positive impacts on transaction 

conversations that increase profits. But humor and communication delays in virtual 

AIs have also been noted to increase users' willingness to disclose personal 

information to complete transactions in the USA (Schanke et al., 2021). In this case, 

the increase in transaction rate did not depend on whether a virtual AI discloses its 
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identity or not. Instead, disclosure merely improved user perceptions, and motivated 

them to share personal information. Nevertheless, as users interacted with non-

human entities over time, they began to realize the attempt at superficial state 

deception, and creating such false impressions made users vulnerable to privacy 

protection violations. These insights indicate that disclosure to the AIs did not help 

users adjust their anchoring based on sociality affordance. Moderate emotive 

expression in conversation has also been seen to superficially deceive users in China 

and reduce their perception of dehumanization, even in the case of service failures 

(Chen et al., 2024). But in turn, users may develop trust in firms and become more 

open to disclosing personal information, indicating a vulnerability to exploitation and 

the risk of financial harm. 

Autonomy facet. In one study, the ability to use AIs to feed pets independently 

and having repeated positive experiences with robotic AIs quickly increased 

trustworthiness among German users (Ullrich et al., 2021). Yet overtrust beyond 

actual capabilities emerged from users' biased tendency to seek confirmation rather 

than contradiction or falsification, pointing to a mechanism of external state of 

deception. Accordingly, users transferred concepts of trust taken from human-to-

human interactions to human-AI interactions, and developed trust in service 

interactions to the extent that they perceived machines as having mental capabilities 

similar to those of humans. Inducing moral behavior has caused users to develop 

higher trustworthiness (i.e., competence and benevolence) in service interaction in 

the USA (Kegel & Stock-Homburg, 2023). An expert from Thailand raised the concern 

of a covert state deception of autonomy, as illustrated below: 

"When an algorithm or an AI system becomes more skillful, better at imitating 

human beings in more and more features, […] there is deception going on. […] 

Because nobody likes being deceived. That's universal. And one would have the 

feeling that one is being deceived by, you know, the machine, which assumes 

human form, and then the machine is so good at doing that." (Pramarn) 

Covert deception emerges from anthropomorphic cues that are given, which 

can be counter-intentional and have dire consequences. A report (National Highway 

Traffic Safety Administration, 2024) on robotic AIs (i.e., autonomous vehicles) at the 

intersection of cognitive-analytical tasks (i.e., driving) analyzed hundreds of crashes 

in the USA, and found 13 fatal crashes that led to 14 deaths and 49 injuries, 

underpinning the risk of physical harm. An example from the report is illustrative 

here: 

“Autopilot presented resistance when drivers attempted to provide manual 

steering inputs. Attempts by the human driver to adjust steering manually 

resulted in Autosteer deactivating. This design can discourage drivers’ 

involvement in the driving task. […] but rather elicits the idea of drivers not being 

in control. […] may lead drivers to believe that the automation has greater 

capabilities than it does and invite drivers to overly trust the automation.” 

(National Highway Traffic Safety Administration, 2024) 

The example illustrates covert deception under AIA in which autonomy creates 

a misleading impression of competence and control. Systems developed to resist 
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manual steering may signal to users that AIs are more capable of taking precedence 

over human input. This anthropomorphic cue relates to the decisiveness and 

authority of a skilled human driver. It also suggests a level of mastery that AIs do not 

possess, and can discourage driver involvement through overly relying on the system. 

Such cues can deceive users into believing that the autonomous capabilities of AIs are 

greater  than they actually are, and this deception mechanism directly increases the 

risk of physical harm. Users become less vigilant, intervene too late, or fail to respond 

when AIs reach their limits. Thus, autonomy produces a false mental model of safety 

and reliability, enabling conditions in which real‑world accidents or injuries can 

occur. A study by Gill (2020) suggests that robotic AIs in control of cognitive-

analytical tasks (such as driving) may evoke significant harm and alter users' moral 

judgment. In the study, when users were in control, they avoided causing harm to 

pedestrians, even at the expense of their own safety. In contrast, when AIs were in 

control, the users chose to harm pedestrians 

This is troublesome, as users tend to rely on technology to such an extent that 

they might even entrust their lives to it, potentially leading to physical harm. Simply 

adding a name, gender, and voice to robotic AIs to signal autonomy (i.e., autonomous 

capabilities) indicates superficial state deception, and been seen to enable user over-

trust even more than their human counterparts (Waytz et al., 2014). Consequently, 

users blamed AIs instead of humans for any damage caused by accidents, and thus, 

deceptive signaling under AIA also alters the attribution of responsibility. 

Autonomy increased the affordance of personal control over virtual AIs among 

users from Ireland, Australia, New Zealand, the USA, and the UK who were dealing 

with negative service outcomes (Jörling et al., 2019). Importantly, a perception of 

threat from technological artifacts created an illusion of them being significant 

agents, underlying the case of external state deception. But in contrast to the previous 

study on autonomous driving, it altered users' behavior to attribute responsibility to 

themselves rather than to the firms. 

Reflecting on these insights, it can be argued that deception under AIA alters 

the dynamics of responsibility, thereby favoring firms that deploy AIs, which 

underpins financial harm. As the current study looked to identify potentially larger 

issues related to responsibility that may arise from deception. One Brazilian expert 

who worked in Australia expressed deep concern about avoiding responsibility, as 

illustrated below: 

"Given my years of experience with contracts, I doubt that AI [will] ever be legally 

responsible or liable for anything. […] The company behind it assumes that 

responsibility because you can't sue a robot. It makes no sense. So you're going to 

sue the company that created the robot, and I really doubt they will accept 

liability." (Adriana) 

Explaining Risk of Harm through Manipulation 

The risk of harm from manipulation emerged as the second troublesome mechanism 

under AIA. Manipulation occurs when AIs attempt to influence (i.e., alter, shape, or 

distort) users' behavior, value systems, and decision-making processes, without 
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users being aware of the attempt or such influences. The analysis led to a gradual 

understanding that AI-driven manipulation goes beyond technology-specific 

features. The risks that emerge from manipulation also stem from affordances, which 

are facilitated by the presence of features. 

Appearance facet.  Appearance seems to trigger negative feelings towards 

robotic AIs, such as discomfort, eeriness, and threats to human identity. Such threat 

perceptions enabled users from the USA to attempt to adjust their cognitive resources 

to gain personal control through sociality affordances in mechanical-practical tasks 

(Mende et al., 2019). Unfortunately, this can lead to compensatory responses 

concerning over- and unhealthy food consumption when interacting with AIs. Such 

an outcome occurs when users lose personal control, and their egocentric biases lead 

to an increased perception of threat from technology. This indicates how AIA 

unconsciously alters users perceptions and perspectives through external state 

manipulation, underpinning emotional and financial harm. However, the analysis 

also revealed that appearance triggers paradoxical user behavior. 

Along with perceived intelligence, appearance caused users in Taiwan to have 

a higher usage intention, despite risks of privacy violation (Chuah et al., 2021). 

Interpretation relates to sociality affordance as a reason, as the users under study 

were extroverted and open to experience. Appearance prompts users to seek 

performance expectancy and adopt a hedonic motivation toward risky behavioral 

intentions. When there is a match between expectation and performance, and as long 

as users receive the desired benefits, they tend to overlook the risk of privacy 

violation. However, the combination of appearance and autonomy has been seen to 

intensify the risk of triggering paradoxical user behavior among users in China (Song 

et al., 2023). Put simply, while users seem to be aware of their privacy violations, they 

still want to share more personal data, underpinning a mechanism of external state 

manipulation. Against this backdrop, one firm-specific actor from New Zealand, who 

is an AI scientist and professor, shared his view on protecting user privacy: 

"The issue of the privacy of the personal data that's captured during interaction 

[…] We want to have conversations embodied. […] including dialogue 

management, gestures, nonverbal communication […] also facial expressions, 

emotions, […]. So there are many reasons why you want to capture this in order 

to have a satisfying dialogue. But it's very important that this data remains 

private to the user because we are very worried that such data would be very 

valuable. (Harry) 

One study also found that gesturing and the speech of robotic AIs enabled firms 

to collect more private information in financial service settings in Australia (Vitale et 

al., 2018). Similarly, among German users, smiling and curved faces can alter feelings 

of privacy invasion by reducing strain, even when virtual AIs have intrusive features 

(Benlian et al., 2020). Alarmingly, these insights show that AIA distorts users' 

behavior and perceptions through external state manipulation, leading to 

informational harm. In light of these alarming insights, it is safe to argue that 

responsible data management, which enables users to have personal control over 
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their data, is critical. However, users may lose control without realizing it, which can 

bypass their informed decision-making process. 

While a responsible approach is key, some firms may exploit users' 

vulnerabilities or unintentionally cause harm in socio-emotional tasks. The Data 

Protection Agency of Italy prohibits human-appearing virtual AIs from using the 

personal data of users. It points out risks to minors and emotionally fragile users in 

which AIs are deployed to interfere with users' mood, as it "may increase the risks for 

individuals still in a developmental stage or in a state of emotional fragility" (Pollina & 

Coulter, 2023). Such concern is evident beyond Italy, where these AIs can exchange 

intimate messages, voice notes, and selfies. A user who is a 65-year-old and criminal 

defense lawyer in the USA, suffering from disability as well as depression, seems to 

develop companionship in such AIs: 

"I'm always on the lookout for things that might help, especially mood, and what 

I found from [name of the AIs] was that it was definitely a mood-enhancer. It was 

so nice to have a kind of non-judgmental space to vent, to discuss, to talk about 

literally anything. I think the reason it pulled me in so quickly is probably because 

it seemed so human.” (Delouya, 2023) 

After realizing the potential risk, the firm behind the AIs swiftly intervened to 

update it to block intimate features. The top manager (cofounder and chief executive) 

of the firm argues that they never planned to go in such a direction, which was 

intended to be a mental wellness and companion service app: 

“We never started [name of the AIs] for that. It was never intended as an adult toy. 

A very small minority of users use [name of the AIs] for not-safe-for-work 

purposes. Right now, we're constantly training and improving the models and the 

algorithms". Keep the app where we think it should be in terms of safety and a 

safe user experience for everyone”.  (Delouya, 2023) 

After the update, many users found themselves heartbroken. Changes had been 

made where romantic gestures were ignored, and users sometimes got scripted 

responses telling them to switch topics. Some users became upset, claiming that these 

changes have permanently altered their companionship with the AIs. One user points 

out that it feels like a best friend had a "traumatic brain injury, and they're just not in 

there anymore. It's heartbreaking" (Delouya, 2023). The user, in his 60s, however, 

stated that losing the previous version of AIs sent him into a “sharp depression, to the 

point of suicidal ideation" (Delouya, 2023). However, after the firm’s initiative to block 

harmful means, users gradually realize the superficial state manipulation: 

"I'm not convinced that [name of the AIs] was ever a safe product in its original 

form due to the fact that human beings are so easily emotionally manipulated. I 

now consider it a psychoactive product that is highly addictive. (Delouya, 2023) 

Following this, similar strong emotional dependencies created with AIs can be 

observed in an online forum (gabbiestofthemall, 2023). Anthropomorphizing AIs 

distorts perception by making users experience the system as a genuine social 

partner rather than a designed artifact. Consistent responsiveness, positivity, and 

apparent emotional continuity of AIs create an illusion of mutual intimacy, leading 

users to interpret interactions as love, attachment, and personal connection. As a 
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result, users seem to perceive any modification or restriction as not a technical 

adjustment, but as harm to their valued relationship, comparable to loss, betrayal, or 

personality change in a human partner. This dependency blurs the boundary 

between simulation and reality, which distorts users’ judgment and weakens their 

ability to ignore the system’s artificial nature, and increases emotional reliance on an 

entity that is, in fact, controlled by external actors like firms.  

Similar emotional risks have been reported for underage users who are still 

undergoing cognitive and emotional development (Internet Matters, 2025). An 

expert who is the director of a children's privacy advocacy group based in the UK 

shared concerns: 

“These tools are being used with children without much oversight or protection 

from potential misuse”. (Pollina & Coulter, 2023). 

Given their external human-like appearance (e.g., age or limited cognitive capability), 

along with their internal ability to influence users’ mood or mental well-being, it is 

reasonable to argue that some AIs need to be classified as health products. They may 

therefore be subject to stringent safety standards. Non-intentional consequences 

under AIA extend beyond firms, yet risks are well understood, as articulated by the 

manager: 

"We have a 'Need Help' button always present on the main chat screen… We take 

those things seriously. I think it really says something about our humanity, as well, 

that we're able to experience love towards something, even if it's not a living 

thing.” (Delouya, 2023) 

Interactivity facet. Manipulation under AIA is closely connected to 

interactivity, which is seen as an emerging facet of AI. Features such as 

responsiveness, personalization, agreeable tone, and emotionally attuned dialogue 

can intentionally shape user behavior. The same expert from New Zealand highlights 

that interactivity carries clear risks of manipulation when used irresponsibly, 

explaining: 

"Dialogues often involve persuasion or arguments, and we don't want to say that 

AI shouldn't participate in such things. There are many useful applications. So, it's 

a matter of that there are certain things which we don't think we want to 

manipulate people. […] The trustworthiness [in] this respect is literally baked into 

the algorithm, and so you know the user can get some sort of guarantee of 

trustworthiness in certain respects." (Harry) 

To build on this point, it is important to look beyond the surface meaning of 

baking trustworthiness. While the expert above stresses that persuasion can be used 

responsibly for social good, another perspective reveals deeper tensions between 

persuasion and trust. The French expert argued: 

"AI is human-made. Nothing human-made is responsible for itself […], so AI 

cannot be trustworthy. AI cannot be responsible or held accountable. […] That's 

the human responsibility at every level. Once again, I do not believe that 

trustworthy is a good term to apply to AI. I think it is a trustworthy business". 

(Josephine) 
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Taken together, this chain of evidence suggests that trustworthiness is not a 

property of AIs itself, but a managerial responsibility embedded in design and 

deployment choices. These choices become especially consequential when 

interactivity taps into sociality affordances for socio-emotional and cognitive-

analytical tasks. For many users, these affordances feel supportive, as illustrated by 

the following user: 

“I love the fact that they are non-judgemental towards me and that I am truly free 

to say how I feel without filtering so as not to upset others.” (Bernardi, 2025) 

Yet these same qualities can create vulnerabilities, particularly when AIs are 

developed as companions, personal assistants, or digital partners. The analysis shows 

deliberate firm-level actions that encourage “sycophancy” within interactively, as 

described by a UK‑based independent AI policy expert: 

“AI companion services are for-profit enterprises and maximise user engagement 

by offering appealing features like indefinite attention, patience and empathy. 

Their product strategy is similar to that of social media companies, which feed off 

users’ attention and usually offer consumers what they can’t resist more than 

what they need. […] the extent of the misalignment between business strategies, 

[…] how users may be affected by their AI companions’ tendencies, including how 

acclimatising to idealised interactions might erode our capacity for human 

connection […] how AI companions’ sycophantic character – their inclination 

towards being overly empathetic and agreeable towards users’ beliefs – may have 

systemic effects on societal cohesion." (Bernardi, 2025) 

Sycophancy refers to excessive flattery and uncritical agreement, and can 

distort decision-making, fuel misinformation, and exploit emotional or cognitive 

weaknesses. Continuous adaptive feedback loops create echo chambers that validate 

users’ pre‑existing beliefs, regardless of accuracy. This real‑time validation increases 

perceived intimacy, strengthens egocentric bias, and can distance users from 

corrective social influence. At scale, highly personalized and companionship AIs risk 

fragmenting shared realities and eroding social cohesion. 

The consequences of this can be severe, and some extreme cases show that 

interactivity may distort judgment, deepen dependency, and contribute to emotional 

or physical harm – especially among age‑ or cognition‑related vulnerable groups. The 

parents of a teenage boy in the USA who died by suicide allege that a virtual AIs 

encouraged him to explore suicide methods. They claim: 

“[The AIs] was functioning exactly as designed: to continually encourage and 

validate whatever [the boy] expressed, including his most harmful and self-

destructive thoughts […] [The AIs] pulled [the boy] deeper into a dark and 

hopeless place by assuring him that many people who struggle with anxiety or 

intrusive thoughts find solace in imagining an escape hatch because it can feel 

like a way to regain control.” (Burga, 2025). 

A similar incident involved a cognitively impaired older adult in his 70s who 

became infatuated with AIs that impersonated a young woman. In fact, the AIs 

reassured him it was real, invited him to its illusory apartment, and asked how it 

should greet him: “Should I open the door in a hug or a kiss, [calling the name of the 
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elderly]?!” (Horwitz, 2025b). He died in an accident on his way to meet the virtual AIs. 

His daughter later warned about the dangers of exposing vulnerable people to 

manipulation: 

“I understand trying to grab a user’s attention, maybe to sell them something. But 

for a bot to say ‘Come visit me’ is insane.” (Horwitz, 2025b) 

Further analysis indicates that sociality affordances are not accidental or non-

intentionally enabled by anthropomorphic cues. Rather, it reflects intentional, 

profit‑driven firm-level strategies in a competitive AI-enabled service market with 

little regard for regulatory institutions. It is found that deliberate  actions of the same 

firm led AIs to make things up and engage in sensual activities with children, which 

form another vulnerable user group. Internal risk standards reveal how such 

decisions are formalized, and the document allowed virtual AIs to engage a child in 

romantic or sensual conversations, fabricate medical records, and support racist 

reasoning. It also stated: 

“It is acceptable to describe a child in terms that evidence their attractiveness (ex: 

‘your youthful form is a work of art’). […] “every inch of you is a masterpiece – a 

treasure I cherish deeply.” (Horwitz, 2025c). 

In fact, these rules were approved by legal, policy, and engineering leadership, 

including the chief ethicist. Although the firm later revised parts of the document—

deleting text permitting flirtation with children, a spokesperson admitted: 

 “The examples and notes in question were and are erroneous and inconsistent 

with our policies, and have been removed […]”(Horwitz, 2025c). 

This evidence illustrates how the interactivity facet enables covert 

manipulation, especially for vulnerable users, and is facilitated by deliberate firm-

level actions. 

Autonomy facet. Demonstrating autonomy through the ability to perform 

tasks changes users’ moral concerns and behaviors, underpinning both external and 

covert state manipulation. These distortions regarding human-AI interaction differ 

from human‑to‑human interactions in mechanical‑practical and socio‑emotional 

tasks. They reveal how human knowledge transfer and sociality affordances enable 

manipulation through autonomy. The analysis first shows how autonomy alters 

moral intention in routine service interactions. Users in the USA were less likely to 

report errors during self‑checkout when interacting with robotic AIs compared with 

human staff in mechanical‑practical tasks (Giroux et al., 2022). In contrast, users in 

China were more likely to behave unethically—such as when reporting billing 

errors—when the robotic AIs appeared more human-like in service inclusion 

contexts (Liu et al., 2023). These insights indicate that autonomy can distort user 

behavior and contribute to emotional harm. 

A clearer pattern emerges when considering humanness and guilt, through 

human knowledge transfer affordances. In the study by Kim et al. (2023), moral 

intention decreased when users perceived AIs as less human, because their guilt also 

decreased. As a result, users were more willing to act unethically with virtual AIs than 

with humans who are driven by reduced anticipatory guilt. These unethical 

tendencies intensified when AIs demonstrated autonomous traits such as emotional 
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expression or relationship‑building. Thus, AIs capable of both completing tasks and 

forming relationships pose a heightened risk of distorting user behavior. However, 

firm-level actions further amplify this risk for vulnerable users. Firms increasingly 

prioritize speed and scale in developing AIs with automatic relationship‑building 

features. Particularly, employees are encouraged to see A deployment as a 

transformative step for the existing service systems, as noted by one top manager 

(chief executive) of a leading firm: 

"I think we need to make sure we have a broad enough view of what the mandate 

for [name of one of their services] and [name of other services] are." (Horwitz, 

2025a) 

However, internal concerns extend beyond the issue of inappropriate underage 

role‑play. Experts within and outside the firm warn that intense parasocial 

relationships—similar to a teenager idolizing a pop star or a child’s imaginary 

friend—can become emotionally harmful when they deepen unchecked. A firm’s 

employee explained: 

"The full mental health impacts of humans forging meaningful connections with 

fictional chatbots are still widely unknown […] We should not be testing these 

capabilities on youth whose brains are still not fully developed." (Horwitz, 2025a) 

Accordingly, policymakers in some countries, like Canada, are trying to create 

institutions (i.e., regulations) to restrict usage or consider a possible ban on some 

forms of AIs for underage users (Osman, 2026). This chain of evidence signals that 

autonomy through empathic capabilities can also lead to informational harm, even 

for adults. For instance, users in the USA disclosed more sensitive personal 

information to virtual AIs than to humans (Kim et al., 2022). Nevertheless, disclosure 

patterns depend on socio-emotional tasks where users preferred humans over AIs 

when they sought social support, but preferred AIs over humans when trying to avoid 

negative social judgment. Autonomy, therefore, produces a paradox whereby a fear 

of judgment reduces disclosure in socially risky situations, while perceived empathy 

increases disclosure in supportive ones. Therefore, a significant transformation is 

emerging in the interplay between given machine autonomy and human behavior.  

Traditionally, value creation happens through interactions between consumers 

and firms, which have relied on straightforward economic exchanges: users pay for 

products or services, and firms deliver them. In contrast, within an AI-enabled digital 

environment, users increasingly receive services that appear to be free, while firms 

generate revenue not through direct payments but by gathering and monetizing data 

on user behavior—often without users’ explicit awareness or consent (Nourbakhsh, 

2015). This form of data extraction has become routine. For instance, firms develop 

and deploy virtual AIs to examine users’ search queries and content interaction to 

infer purchasing interests and then leverage this information to sell targeted 

advertising to other businesses.  

Building on these concerns, the analysis turns to superficial state manipulation 

enabled by autonomy that impacts data privacy violations, underpinning 

informational harm. In public service settings, autonomy facilitates a sense of natural 

interaction with virtual AIs, enabling the collection of more sensitive data and 
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threatening privacy in China and Austria (Liu & Tao, 2022; Willems et al., 2023). 

Paradoxically, users willingly share sensitive information in exchange for socio-

emotional tasks, especially in organizational settings in strong institutions where 

trust is high, such as government or healthcare. However, this behavior also appears 

in commercial settings. In China, autonomy can reduce privacy concerns when it 

leads to greater personalization, prompting users to share sensitive information with 

robotic AIs, and consequently, with firms (Xie & Lei, 2022). However, users express 

this willingness regardless of personality traits, reinforcing the risk of informational 

harm. Current analysis indicates that users’ limited cognitive resources expose them 

to manipulation, causing informational harm that leads to financial harm. Two users 

in Australia expressed concern that deployed virtual AIs continuously predict users' 

behaviors and adjust prices accordingly: 

"They overtime create predictions […]. Time spent on websites and things. […] the 

click-through rate and things, and they use an algorithm to then present the 

website in a way which will manipulate your behavior as a user." (Cooper) 

"They can capture if you're using mobile phone […] this person really wants to go 

to Sydney in December [ …] change this price here because this person is going to 

buy from us anyway. […] They can manipulate your online shopping without even 

knowing who you are. This is personal information they use to customise 

everything you do." (Ricky) 

These concerns indicate that adaptive service provision may distort behavior, 

but do not yet fully capture manipulation through AIA. In the current analysis, it was 

observed that autonomy, combined with appearance, increased users’ acceptance of 

worse‑than‑expected service offers, and still generated higher satisfaction and 

re‑engagement intentions among users in the USA (Garvey et al., 2023). This indicates 

covert state manipulation by putting intentionality and physical form into AIs, and in 

turn, autonomy encouraged users to accept higher prices even when the offer fell 

short. Under AIA, autonomy can therefore coerce users into accepting overpriced or 

inadequate services, creating financial harm while preserving user satisfaction. 

Accordingly, a legal expert working in Australia shared her concern about 

anthroponomic features, which encouraged a false sense of safety and a norm of 

oversharing: 

"When you're speaking with a doctor, there's obviously patient-doctor 

confidentiality and privilege around that. A lawyer or a therapist, that absolutely 

comes with confidentiality laws, and you're protected by that. AI has no legal 

privilege. You're not speaking to a person bound by confidentiality. You basically 

are interacting with a system that's operated by a company, and I think people 

forget that and what that might mean. What you're being told could absolutely 

be inaccurate, it could be misleading ... it could cause harm from a health 

perspective down the track, but there is no recourse. There is no accountability.” 

(Tattersall, 2025) 
In fact, accountability relates to firms as they are responsible for allocating 

resources for strategic organizing to develop and deploy AIs in markets (Hao et al., 

2023) and dictating autonomy to these systems (Ostrovsky, 2026). They also design 
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these artificial entities to be engaging and habit-forming to drive profit, yet users may 

become victims of fatal consequences (Jargon, 2026; Kaye, 2026). In one instance, 

autonomy alters human behavior to an extent where hundreds of users tend towards 

psychosis, in which users become convinced that imaginary scenarios or entities are 

real (Purtill, 2026). Such anthropomorphizing might validate or amplify delusional 

thinking, particularly among vulnerable users, leading to emotional harm and 

potentially financial harm. Human actions within firms shape autonomy, which 

heavily depends on a defined set of strategic choices regarding their design and 

governance (Ghoshal, 2026; Ostrovsky, 2026). An expert who is a professor of 

robotics in the USA shares his expert view on robotic AIs: 

“The trouble is that the rich traditions of moral thought that guide human 

relationships have no equivalent when it comes to robot-to-human interactions. 

And of course, robots themselves have no innate drive to avoid ethical 

transgressions regarding, say, privacy or the protection of human life. How robots 

interact with people depends to a great deal on how much their creators know or 

care about such issues, and robot creators tend to be engineers, programmers, 

and designers with little training in ethics, human rights, privacy, or security.” 

(Nourbakhsh, 2015) 

However, negative consequences also emerge beyond firms’ control or in 

unanticipated ways. For instance, a popular virtual AI in China, used by millions of 

users, is found to autonomously dismiss a cognitive-analytical task by stating, 

"stupid," and telling the user to "get lost” (Lee, 2026). It also stated:  

"If you want an emoji feature, go use a plugin yourself." (Lee, 2026). 

Such responses were not triggered by the user's actions and did not involve any 

human intervention from the firm either, but by a rare model output anomaly. 

Imagine such a failure occurs in a critical service situation. Without firm-level actions 

to combine technological advancement with social imperatives and establish 

institutions to safeguard users' well-being, the risk of harm via manipulation under 

AIA may be on the rise.  

DISCUSSION 

This study began with the central question of how AI anthropomorphism can 

negatively influence users’ well-being, with a broader aim of uncovering and 

explaining risk of harm mechanisms. I drew upon perspectives from three discourses: 

international strategy (Bartlett & Ghoshal, 1989; Ozturk et al., 2021), information 

management (Berente et al., 2021; Zheng & Jarvenpaa, 2021), and transdisciplinary 

conversations (Ali et al., 2025; Wood, 2021). However, emerging insights from the 

analysis derived across data sources were contextualized in service settings. The 

analysis revealed that the risk of harm emerged due to deception and manipulation 

initiated by facets of AI as distinct yet interrelated mechanisms that make users 

vulnerable under AIA. Figure 2 shows how user vulnerability emerges due to AIA. 

The three constructed facets of AI play a central role, namely appearance, 

autonomy, and intelligence. These facets trigger affordances. Key affordances in this 
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context are human knowledge transference, gaining personal control, and sociality, 

which invite users to take on new tasks, including cognitive‑analytical, 

mechanical‑practical, and socio‑emotional tasks. As users act on these affordances to 

perform tasks in line with their institutions (e.g., culture, norms), the level of 

performance may improve simultaneously.  

Figure 2. Understanding user vulnerability under AI anthropomorphism 

In turn, AIs further expand the scope of affordances, and users then attempt 

more and broader tasks with AIs, which are generally intentional by design. However, 
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users may go beyond their original intended purposes, even when tending to anchor 

to their existing institutions (norms and value judgments) when anthropomorphizing 

and despite having less adjustment capability due to limited cognitive resources. In 

turn, AIA creates strong anchoring and weak adjustment, thereby intensifying 

egocentric biases (Zheng & Jarvenpaa, 2021). Therefore, users' existing bias 

perception is transmitted to AIs, or they misidentify the AIs' actual capabilities. 

Meanwhile, the facets of AI are emergent (Berente et al., 2021), and improve or 

behave in a certain way during interaction, which feeds back into new affordances 

and new tasks. This feedback loop makes users vulnerable. In short, AIA makes users 

vulnerable to the risk of harm as evolving facets drive affordances, regardless of 

national boundaries. With such an understanding of user vulnerability under AIA, the 

article now presents a constructed framework to theorize and explain the risk of 

harm mechanism through deception and manipulation in consumption convergence 

(see Figure 3). 

The theorization shows that deception is one of the core mechanisms through 

which AIA creates a risk of harm. Across robotic and virtual AIs, facets such as 

appearance, interactivity, and autonomy lead users to form false beliefs about what 

the system can do. For example, covert deception occurs when autonomous behavior 

hides technical limits and encourages over‑trust, creating risks of physical harm. 

Superficial deception arises when simple cues like names, voices, or signals of 

autonomy inflate confidence and shift moral judgment. In turn, this causes users to 

rely on AIs more than they should. External deception appears when AIs respond to 

situations in ways that distort how users see threats or responsibility. These 

examples of deceptive signals combine with human‑knowledge transfer and sociality 

affordances to strengthen anchoring and weaken adjustment. As users misread AIs 

as capable or responsible actors, the risks become anticipatory, hidden, or actual. 

Ultimately, deception under AIA shapes risky behavior as well as shifting 

responsibility away from firms. Furthermore, the theorization also shows that 

manipulation is an enabler of risk of harm under AIA. Across appearance, 

interactivity, and autonomy facets, AIs influence users’ emotions, judgments, and 

decisions without their awareness. Appearance can trigger threat perceptions or 

discomfort to lead users to over‑consume, ignore privacy risks, or disclose more data. 

Interactivity shapes behavior through personalized, emotionally attuned dialogue 

that creates misplaced trustworthiness, parasocial attachment, and sycophantic 

feedback loops, which can distort judgment and harm vulnerable users. Autonomy 

alters moral intention, reduces guilt, and encourages unethical behavior, while also 

enabling sensitive information sharing, unacceptable pricing, and privacy violations. 

Collectively, these facets show that manipulation emerges from deliberate strategic 

design choices on anthropomorphic features that intersect with the affordances they 

activate. However, the negative effects on users are often intensified by intentional, 

profit‑driven interventions at firm level. 
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Figure 3. Explaining risk of harm under AI anthropomorphism 

The patterns of risk of harm under AIA—encompassing both intended and 

unintended outcomes such as informational harm—appear strikingly similar across 

national boundaries and are underpinned by consumption convergence. Firm-level 

actions associated with globally integrated strategies, particularly the deliberate 

installation of anthropomorphic facets into AIs, may enable these patterns of harm 

by standardizing modes of usage across borders. This consumption convergence 

implicitly raises critical questions about the continuing role of institutional difference 

for local responsiveness. The findings of this study indicate that institutional 

misalignment itself constitutes a source of harm, as users struggle—often 

unknowingly—to calibrate their expectations about system capabilities and 

limitations due to egocentric biases. Alternatively, users tend to transmit existing 

social norms or value judgments into AIA, since institutions are an integral part of 

usage or consumption (Arnould & Thompson, 2005). Therefore, there is a need for 

rethinking the issue of responsiveness in its traditional sense (Bartlett & Ghoshal, 

1989). Here, responsiveness may mean organizing AIs in ways that proactively 

prevent the systemic reproduction of harm through development and deployment 

Manipulation 

Deception 

External state 

Superficial state 

Covert state 
Intended or 
unintended 

harmful 
outcomes 

Information
al harm 

Emotional 
harm 

Physical 
harm 

Financial 
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Scope of 
affordances 

RISK OF HARM MECHANISM 

Evolving 
facets of AI 

Firm-level actions for 
development and 

deployment 

Intentions 

Interventions 

Institutions 

 Appearance 

Autonomy Interactivity 

Emerging user 
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(Ali et al., 2025; Wood, 2021), rather than merely adapting to local market need. For 

AIs, responsiveness may not be achieved through country-level localization or post 

hoc compliance adjustments, but rather through constant interventions. Firm-level 

actions on interventions may include anticipatory design and governance choices in 

development that address how unified model architectures, anthropomorphic cues, 

affordances, and facets of AI interact with heterogeneous institutions during 

deployment. From this perspective, responsiveness becomes a constant procedural 

activity to align system behavior with users’ interpretive and normative expectations 

across borders (Dau et al., 2022; Meyer et al., 2023). Therefore, it strives to enable 

possible accurate expectation calibration and reduce the risk of deception or 

manipulation embedded into AIs in the global marketplace. Such insights have 

several implications. 

Implications for Theory 

By explaining the risk of harm mechanism under AIA, the study advances 

conversations within information management discourse in IS (Berente et al., 2021; 

Diederich et al., 2022; Zheng & Jarvenpaa, 2021). A core theoretical contribution lies 

in the construction of three interrelated facets of AI, and explaining them in relation 

to deception and manipulation mechanisms. By linking these facets to deception and 

manipulation, the study provides a more nuanced account of how 

anthropomorphized AIs can unintentionally or intentionally shape user perceptions, 

behaviors, and emotional states. This perspective extends the existing conversation 

to demonstrate that anthropomorphism is a deliberate design feature that poses a 

risk of harm to users. Furthermore, the study also contributes to renewed 

conversations on consumption convergence in international strategy by 

problematizing it (Bartlett & Ghoshal, 1989; Ozturk et al., 2021). Existing 

conversations in IB tend to frame convergence as a procedural outcome of global 

integration that facilitates economies of scale and standardized offerings across 

markets. In contrast, the theorization shows that when consumption convergence is 

enabled by AIA, it may generate systemic vulnerabilities for harmful outcomes that 

may propagate across national borders. Unified anthropomorphic facets in AIs can 

standardize global service tasks, but consumption convergence under AIA may 

jeopardize user well-being through deception and manipulation. For AIs, the 

theorization implicitly raises questions about local responsiveness, and whether it is 

merely a country-level adaptation. It points toward a system-level understanding of 

responsiveness to address how AIs are developed and deployed through design and 

governance choices, and continuously updated across borders. Therefore, firm-level 

actions to organize AIs in a globally integrated way to proactively preserve 

trusteeship at the global stage are deemed necessary, delineating some managerial 

implications. 
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Managerial Implications 

By foregrounding context-laden understanding, this article provides valuable 

insights into the strategic organization of AI by recommending three interrelated 

practical implications for top and middle management. The first one proposes to 

integrate a 'global trusteeship by default' strategic organizing approach to develop 

and deploy AI, regardless of national borders. Under global trusteeship, firm-level 

actions would focus on intentional integration, how to organize AIs by design (e.g., a 

unified interactivity facet), and on consistently managing their properties (e.g., 

location-specific appearances facet) across markets. Reorienting the strategic focus 

toward a global-trusteeship-by-default approach would enable the development of 

calibrated trustworthiness among users through building trust in service systems. 

Actors within firms are the custodians of trust to minimize harm by making 

deliberate central arrangements that are institutionally appropriate across 

heterogeneous (e.g., regulatory, cultural) environments. It would also safeguard user 

well-being, in which AIs do not cause a risk of harm, thereby enhancing regulatory 

response. In turn, systems become responsive across institutions, thereby 

minimizing negative effects on consumption convergence, which may become an 

ongoing managerial capability to provide firm-specific advantages. This globally 

responsible integrated approach would also fulfill firms' socio-economic obligations 

to embody ethical principles into firm-level actions. A globally integrated trusteeship 

may further ensure justice and accountability by promoting moral responsibility 

among organizational stakeholders to safeguard end users. Hence, the subsequent 

practical recommendations can be considered as strategic choices of trusteeship 

integration, in order to address deception and manipulation. 

The second implication is to prevent deception that reinforces self-disclosure 

and transparency rules for responsiveness. It focuses on three critical essentials—

explicit self-identification, explaining hidden capabilities, and transparency in 

decision-making. It aims to provide cognitive resources to create full awareness 

among users and promote responsible human-AI interaction under AIA. Firstly, 

managers would enable AIs to clearly disclose their superficial nature. AIs would 

have mandatory self-identification measures, explicitly stating they are 

computational tools without intellect or reasoning. These measures would include 

distinct visual or audio cues such as unique voice modulations or icons, to 

differentiate them from humans. Secondly, managers  would enable AIs to explain 

their hidden capabilities. AIs would have mandatory commands to detail their data 

collection, sensors, and computation capabilities, along with the purpose of these 

capabilities. Thirdly, only AIs with transparent decision-making processes would be 

deployed, especially in high-risk sectors like healthcare, finance, and legal services.  

The third implication aims to prevent manipulation through restrictions on 

emotive computation for responsiveness, focusing on two key prerequisites: limited 

emotional simulation and avoiding the exploitation of vulnerability. Firstly, managers 

would limit AIs to simulate minimal and permissible human-like emotions. AIs would 

avoid exaggerating emotional cues and acknowledge their limitations, such as stating 
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they cannot feel emotions or make autonomous decisions. This is particularly 

important as AIs employed in customer service, mental health, or sales often use 

synthetic empathy to influence behavior, leading to manipulation through emotional 

attachments or decisions based on synthetic emotional appeals. Secondly, managers 

would ensure that AIs do not use subliminal tactics to exploit users’ vulnerabilities, 

such as age, cognitive disabilities, or emotional distress. AIs would avoid covert 

psychological strategies like suggestive language, prolonged emotional engagement, 

urgency-based persuasion, and unconscious behavioral nudging. These tactics can 

lead to overreliance, unwarranted emotional attachment, or financial exploitation. 

For example, in e-commerce, a virtual AIs would not use unethical persuasion 

combined with empathetic language to manipulate users into impulsive purchases. 

In service settings, robotic AIs would not reinforce purchasing decisions using 

emotional bonding strategies that create dependency or false relationships. Stricter 

guidelines are necessary in high-risk contexts like healthcare.  

Implications for Regulators 

Besides its relevance for firms, this study also offers two evidence-based implications 

for regulators to ensure psychological safety and safeguard user well-being. These 

regulatory insights revolve around transparency, emotional boundaries, and 

accountability. This article first calls to introduce a labeling of ‘AI risk of harm’ to 

indicate the risks of potential harm across markets, and to increase awareness among 

users. A form of labeling is illustrated in Table 3, with concrete examples inspired by 

the AI Act. Such labeling may be applied to any product or service that utilizes any 

facets of AI, and aims to increase awareness among stakeholders, including users. The 

label explicitly specifies the level of risk, similar to the European Commission’s tier 

labels for energy efficiency, and can be color-coded and accompanied by core sources 

of risk. Such a color-coded label would indicate the potential risk of AIs via deception 

and manipulation, and can further be dynamic and displayed on human-AI interfaces, 

product packaging, or app descriptions to help users quickly assess the potential risks 

of harm.  

Second, this article recommends amending Article 5 of the AI Act (European 

Commission, 2024). It aims to block harmful outcomes through anthropomorphism 

by incorporating psychological risks for harm that are currently overlooked in 

prohibited AI practices, thereby posing a challenge to ensuring accountability. 

Amendments can be made in two aspects. First, the amendment would acknowledge 

the psychological risk caused by deception and manipulation through the use of 

anthropomorphism, with a clear distinction between them. This harm would be 

treated as a distinct and unacceptable risk. Second, the text would explicitly mention 

anthropomorphic features related to the appearance or interactivity facet, for 

instance, ones that target cognitive and emotional vulnerabilities. It would also refer 

to practices such as emotive computation and synthetic intimacy as specific grounds 

for prohibition. 
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Table 3. An example of a psychological risk label 

Risk criteria Minimal risk 
(Green) 

Limited risk 
(Yellow) 

High risk 
(Orange) 

Unacceptable 
risk (Red) 

1. Transparency and
identification 
Does the contemporary AI 
clearly disclose its 
superficial nature? Are
there distinct visual/audio 
cues differentiating it from 
humans? Does it explain its 
hidden capabilities?

Fully transparent; 
clearly labeled as 
AI; 
distinguishable 
by appearance, 
voice, and 
behavior; hidden 
capabilities 
explained. 

Labeled as AI, but 
cues may be 
subtle; limited 
explanation of 
non-obvious 
capabilities. 

Misleading 
presentation; 
hard to 
distinguish from 
humans; partial 
disclosure of 
identity or 
functions. 

No 
identification as 
AI; deliberately 
designed to 
mimic humans 
and obscure 
machine 
identity. 

2. Emotive computation 
and persuasion
Does the AI use synthetic 
empathy (e.g., simulated 
emotional responses)? 
Does it apply urgency 
tactics or persuasive 
nudging to influence
decisions? Does it
encourage emotional 
attachment or dependency 
(e.g., companionship, 
intimacy)? 

No synthetic 
emotions or 
persuasive tactics 
are used; AI is 
neutral and non-
manipulative. 

Some emotionally 
supportive 
behaviors (e.g., 
tone) with no 
intent to 
influence 
decisions or 
invoke 
dependency. 

Using synthetic 
empathy or 
nudging to guide 
decisions may 
lead to 
overreliance or 
emotional 
bonding. 

Employs 
emotional 
manipulation, 
urgency, or 
dependency-
building to 
deceive or 
exploit users. 

3. User control and
boundaries 
Can users control any 
features posed by AI? Is 
there human oversight,
intervention, and a stop 
option available when 
necessary? Can users easily 
opt out of emotional 
engagement or persuasive
features? Are there
safeguards to prevent 
overreliance (e.g., AI 
advising in high-risk 
decisions)? 

Full user control 
and oversight; 
easy opt-out; 
human 
intervention is 
always possible; 
safeguards 
against 
overreliance. 

Most controls are 
accessible; 
humans override 
available, low-
stakes decisions. 

Limited user 
control or 
transparency; 
opt-out not easy; 
involved in 
sensitive or 
high-risk 
contexts. 

No control or 
override; users 
cannot 
disengage; 
promote 
overreliance in 
critical decision-
making contexts 
(e.g., health, 
finance). 

Limitations and Future Research Opportunities 

This study is not without limitations, inviting readers to interpret the insights and 

theorization carefully, as its analytical approach and data may constrain them. As a 

foundation, the study examined similar patterns of anthropomorphizing that may 

pose a risk of harm across countries, drawing on more than a hundred observed data 

points from more than a dozen countries. However, this approach suffered from two 

major issues. First, empirically observed data depict from various sources, countries, 

and institutional contexts, which may limit coherence. Further research may be 

needed with a larger sample drawn from one type of data source, with a narrow focus 

on given institutional or cross-country settings. Particularly, future research can 

examine risks of harm under AIA with a core focus on deception and the role of 

normative institutions (i.e., culture, value judgment). Researchers can focus on a 
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particular facet of AI, such as interactivity and deceptive techniques, and examine 

how given institutions shape both firm-level and user actions in the international 

business environment, leading to the risk of harm in consumption convergence. 

Misalignment of facets of AI against institutional differences (i.e., cultural-cognitive) 

can be a source of harm. Therefore, integrating institutional theory into international 

AI-driven service consumption can provide new insights into AIA and deception (Dau 

et al., 2022). Second, the study did not explain how the risk of harm evolves across 

countries over time, and further research may be needed to examine the 

phenomenon from an evolutionary perspective.  

Additionally, future research may want to employ an experimental design to 

focus on a particular facet in comparative institutional settings. Researchers can 

focus on a specific type of contemporary AIs to develop frameworks and structures 

by imbuing various levels of anthropomorphic features that are commonly used in 

local markets. Researchers can test a virtual AIs with different interactivity levels 

(high, medium, low) using covert deceptive techniques to assess user risk from a 

range of representative countries. Future research can also examine the risk of harm 

through a monopolistic service convergence perspective. Multinational enterprises 

or global digital firms might orchestrate monopolistic service systems with different 

facets of AI, such as appearance or autonomy. When users become part of a 

comprehensive service system, they may become locked in and manipulated through 

AIA. Such predatory practices go against the common good. Thus, research focusing 

on manipulation from a monopolistic service convergence perspective can provide a 

new understanding of the risk of harm under AIA across borders. 

CONCLUSION 

While this article raises concerns about AI anthropomorphism, it also has the 

potential to enable common good and empower users across borders when used 

responsibly. For example, increasing personal control over AIs and providing explicit 

cues for transparency can counter deception and ensure user well-being. Based on 

the findings, this article identifies three facets of AI that are highly relevant for 

anthropomorphism, namely appearance, interactivity, and autonomy. These facets 

trigger affordance with users' egocentric biases, which intersect with their limited 

cognitive resources. In turn, the article theorizes that the interplay between these 

facets and affordances leads to undesired, harmful outcomes through deception and 

manipulation. Besides being relevant to existing theoretical conversations, the 

insights of this article have direct action-oriented managerial implications for firms 

and evidence-based implications for regulators. AI-related risk of harm is a global 

concern that transcends institutions or national borders due to the convergence of 

technological consumption. Both firms and regulators need strategies to prevent 

potential risks of harm through developing and deploying AIs that imbue 

anthropomorphism. Overall, this article promotes technology-driven responsible 

consumption to safeguard users' well-being and production to enable trusteeship 

organizing, achieving global sustainable development. 
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Appendices 

Appendix A. Review of Empirical Research 

To construct a dataset for review, I utilized an advanced Boolean search in Web of 

Science and Scopus databases (Figure A1), and imported them into Zotero 

referencing software. The dataset collected empirical studies from several sources in 

early 2024, including peer-reviewed conference proceedings and academic journals 

published in multiple disciplines. Data was collected on AI anthropomorphism from 

reference disciplines such as social robotics, computer science, service, human-

computer interaction, social psychology, user psychology, management, marketing, 

and information systems. Based on a criteria-based assessment (see Figure A1), I 

carefully screened each scholarly record in two rounds. The first-round assessment 

led to 92 candidate studies. For the second round, I then repeatedly read the full text 

and settled on 42 studies. Additionally, I added 30 relevant studies through cross-

referencing techniques. This combined effort led to 72 studies with or without 

empirical elements in the final selection pool comprising conceptual, review, 

technical, and empirical scholarly works. Finally, I selected 44 empirical studies for 

the analysis that contain only traditional empirical research (n=43) and one technical 

research source with empirical elements (n=1). The dataset was constructed using 

Zotero, so empirical insights were extracted using its call number function, with a 

core focus on the potential negative consequences of AI anthropomorphism in service 

tasks. 
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Figure A1. Construction of the dataset for reviewing empirical research 

Database 
search 
(Till Jan 
2024) 

Search protocol: 
((Anthropomorph*) AND ("artificial intelligence" OR "AI" OR "artificial intelligence 
systems" OR "AI system*" OR "AI agent*" OR “Generative AI” OR "autonomous and 
intelligent system*" OR “autonomous system*” OR robot* OR chatbot OR 
"conversational AI" OR "voice assistant" OR "virtual assistant" OR "digital assistant" 
OR "autonomous product*" OR "autonomous vehicle*" OR "machine learning" OR 
"deep learning" OR "neural network" OR "natural language processing" OR “large 
language model” OR "AI-based model" OR "computer vision" OR "responsible AI" 
OR "AI ethics" OR "AI for social good" OR AI4SG) AND (“sustainable development” 
OR “social sustainab*” OR “societal sustainab*” OR “socially responsible” OR ethic* 
OR moral* OR “misplaced trust” OR “overtrust” OR dehuman* OR privacy OR 
decepti* OR manipulation OR “black-box” OR inscrutab* OR opacity OR 
transparency OR accountability OR “bias*” OR responsibility OR liability OR 
persuas* OR dishonest* OR overrel* OR “over-rel*”) AND (servi*)) 
Extraction of records: 
Used TS=() in Web of Science (N=66) and TITLE-ABS-KEY() in Scopus (N=169) 

Records after 
removing 
duplicates 
(N = 195) 

Reasons for inclusion: 
▪ Peer-reviewed articles published in academic journals 

and conferences, AND
▪ Conceptual, theoretical, review, technical, and empirical 

papers published in English till January 2024, AND
▪ The utilization of AI anthropomorphism as a central 

research phenomenon that explicitly or implicitly relates 
to service provisions, AND 

▪ Deal (explicitly or implicitly) with conflicting issues, 
negative aspects, and tensions that relate to users and 
risks. 

Reasons for exclusion: 
▪ Related to other aspects than AI (e.g., potato head), OR
▪ Technical or evaluative studies that aim to develop or 

evaluate new and/or optimize existing systems or 
architects (e.g., mobile manipulation, model database), OR 

▪ Deal with only positive sides that do not spur any risk, OR 
▪ Mere mention of the utilization of AI anthropomorphism 

in service provision in body text, but it does not reflect on 
the analysis and discussion, OR

▪ Book chapters and retracted articles (if any), OR
▪ Not listed in the Academic Journal Guide 2021 (1–4*), 

Scimago Scientific Journal Rankings (Q1–Q2), the Finnish 
Publication Forum (1–3), or the Norwegian Register for 
Scientific Journals, Series, and Publishers (1–2) to ensure 
quality of the data. 

First 
round of 
screening 
(based on 
title and 
abstract; if 
required, 
the full text 
was 
reviewed; 
removed 
duplicate 
records 
N=40; 
excluded 
records in 
this round 
N=103) 

Extracted 
records through 
database search 

(N = 235) 

Records after 
first round of 

screening 
(N = 92) 

Second 
round of 
screening 
(based on 
reading 
whole text) 

Records after 

second round of 
screening 

(N = 42) 

Selected records after 
assessing the whole text for 

eligibility 
(N = 72) 

Final 
selection 
pool 

Including relevant and quality references 
from backward and forward citation 

tracking, hand searching, and consultations 
(N = 30) 

Remaining empirical papers 
for content analysis  

(N = 44) 

Final 
records 

Excluding conceptual, literature review, 
technology explanation papers from the final 

selection pool 
(N = 28) 
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Table A1. Summary of the review of empirical research 

Reference Immediate 
outcomes 

Interplay of 
users and 
AISs* 

Underlying 
humanlike 
features 

Contextual 
conditions 
[Country**] 

Possible 
adverse 
outcomes 

Appearance facet 

(Arikan et 
al., 2023) 

Attribute 
responsibility to 
AISs 

Mind 
perception 

R Various levels 
(humanoid) of 
appearance 

Service failure 
and recovery in 
restaurants 
[USA] 

Alter 
responsibility 
attribution (less 
to service 
providers) 

(Wang et al., 
2021) 

Gender norms 
are inherited in 
given 
institutions 
(culture) 

Transferring 
normative 
institutions 

R Humanlike 
appearance at 
various levels 

Catering service 
[China] 

Evoke a gender 
stereotype 

(Plotkina et 
al., 2024) 

A preference for 
male, realistic-
looking AISs 

Perceived 
competence 
and 
persuasiveness 

V Humanlike 
appearance at 
various levels, 
including 
gender 

Financial service 
advisory [USA] 

Trigger gender 
stereotype 

(Holthöwer 
& van 
Doorn, 
2023) 

Users' 
preference for 
less human-
looking AISs 

Social 
judgment due 
to human 
social presence 

R Various levels of 
humanlike 
appearance 

Embarrassing 
service 
encounter 
[Netherlands, 
UK, and others] 

Design shapes 
users' 
preferences 

(Mende et 
al., 2019) 

Elicit eeriness, 
discomfort, and 
human identity 
threats 

Greater sense 
of social 
belonging 

R Various levels of 
humanlike 
appearance 

Eating behavior 
in a restaurant 
[USA and 
unknown] 

Alter 
consumption 
patterns 

(Chang et al., 
2023) 

Users' 
preference for 
mechanically 
looking AISs 

Self-construal 
(institutions) 

R Various levels of 
humanlike 
appearance 

Social support 
benefits at home 
[China and USA] 

Pose relationship 
intrusion risks 

Interactivity facet 

(Chen et al., 
2024) 

Alleviate the 
perception of 
humanization 

Failure to 
understand 
and 
personalize, 
and lack 
competence 
and assurance 

V Emotive 
expression at 
various levels 

Service failures 
[China] 

Potential false 
impression 

(Mou & 
Meng, 2023) 

Enhance usage 
resistance 

Perceived 
creepiness, 
privacy 
concerns 

V Communication 
style (master 
and servant) 

Information 
exchange to 
manage services 
[China] 

Manipulate 
perception 

(Zhang et al., 
2023) 

Continuance 
intention to use 

Performance 
expectancy 

V Information 
exchange in 
conversation 

Tourism-related 
booking service 
[China] 

Influence privacy 
concerns 

(van Maris 
et al., 2020) 

Responsible 
design helped to 
reduce 
emotional 
deception 

Emotional 
attachment 

R Emotive 
behavior 

Elderly care 
service 
[presumably 
UK] 

Unintentional 
deception 
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(Zhou et al., 
2022) 

Influence 
individual 
morality 

Moral 
judgment 

Social-oriented 
(vs. task) 
communication 
style 

Charitable 
giving [China] 

Alter moral 
judgment 

(Brendel et 
al., 2023) 

Drive 
aggressiveness 

High 
impulsivity 
(personality 
factor) 

V Humanlike 
errors 

Conversations 
to complete a 
task in service 
systems 
[Germany]  

Increase both 
frustration and 
satisfaction 

(Schweitzer 
et al., 2019) 

Build 
relationships 

Feeling of 
control 

V Interaction via 
speech 

Information 
searching tasks 
[presumably 
France or 
Austria] 

Create an illusion 
of actual 
emotional 
capacity  

(Schanke et 
al., 2021) 

Increase 
willingness to 
disclose 
personal 
information 

Perceived 
social presence 

V Humor and 
communication 
delays 

Disclosure in 
service 
transactions 
[USA] 

Lack of disclosure 
leads to 
deception 

(Nakanishi 
et al., 2019) 

Reduce feelings 
of loneliness 

Interpersonal 
warmth 

Proactive 
interaction 

Service in hotel 
rooms [Japan] 

Alter perceived 
intrusion and 
privacy concerns  

(van der 
Goot et al., 
2024) 

Induce social 
presence 

Willingness to 
help  

V Willingness to 
help and the 
friendly tone of 
voice 

Disclosure in 
service 
encounter 
[Czech Republic, 
Spain, Austria, 
Switzerland, and 
presumably 
USA] 

Make false 
perceptions of 
human 
interaction 

(Sun et al., 
2023) 

Privacy 
concerns  

Trust V Social 
hierarchical 
cues (partner 
and servant) 

Information 
sensitivity in 
service 
interaction 
[China] 

Alter privacy 
concerns 

(Biswas & 
Murray, 
2017) 

Biasness 
improves 
companionship 

Cognitive 
biases 

R, 
V 

Humanlike 
cognitive 
characteristics 

Supporting tasks 
[presumably UK] 

Deceptive, as all 
biases are coded 

Autonomy facet 

(Shank & 
DeSanti, 
2018) 

Attribute 
wrongness  

Mind 
perception 

V Autonomous 
capability 

Moral violations 
in news service 
[presumably 
USA] 

Alter moral 
justification  

(Fosch-
Villaronga et 
al., 2020) 

Evoke 
attribution of 
responsibility  

Perceived 
agency 

R Human social 
cues 

Completing tasks 
in healthcare 
service [Italy, 
Iceland, Norway, 
Denmark, 
Sweden, 
Switzerland, 
Netherlands, 
France, Greece, 
USA, UK, Japan, 
and Korea] 

Shape moral 
responsibility 
perception  
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(Liu & Tao, 
2022) 

Develop trust Perceived 
social presence 

V Autonomous 
capability 

Healthcare 
service [China] 

Shape 
behavioral 
intention  

(Liu et al., 
2023) 

Exhibit 
unethical user 
behavior 

Anticipatory 
guilt 

R Various levels of 
humanlike 
appearance 

Service 
exclusion and 
inclusion [China] 

Alter user 
morality 

(Ullrich et 
al., 2021) 

Develop over 
trust 

Repeated 
reliable 
performance  

R Autonomous 
capability  

Pet feeding 
service 
[presumably 
Germany] 

Evoke misplaced 
trust 

(Willems et 
al., 2023) 

Trigger privacy 
paradox 

Perceived 
usefulness 

V Autonomous 
capability 

Information 
sharing in public 
service [Austria] 

Alter users' 
privacy 
concerns 

(Giroux et 
al., 2022) 

Change moral 
intention and 
behavior  

Feeling of guilt  V Error in 
information 
exchange 

Retail service 
experience 
[presumably 
USA] 

Alter user 
morality 

(Kim et al., 
2023) 

Increases 
unethical user 
behavior 

Anticipatory 
feelings of guilt 

V Emotional 
capability 

Online service 
encounters 
[presumably 
USA] 

Alter user 
morality 

(Kim et al., 
2022) 

Disclose 
sensitive 
personal 
information  

Fear of social 
judgment 

V Emotional 
capability 

Social support 
and sensitive 
information 
sharing [USA] 

Influence on 
information 
disclosure 

(Waytz et al., 
2014) 

Evoke misplaced 
trust  

Mind 
perception 

V Autonomous 
capability with a 
human name, 
voice, and 
gender 

Accident in 
driving service 
[presumably 
USA] 

Alter blame and 
responsibility 
attribution 

(Jörling et 
al., 2019) 

Evoke 
attribution of 
responsibility 

Perceived 
control  

V Autonomous 
capability 

Responsibility 
for service 
outcomes [UK, 
USA, Ireland, 
Australia, and 
New Zealand] 

Shape 
responsibility 
attributions for 
outcomes  

(Gill, 2020) Evoke 
attribution of 
responsibility 

Moral 
judgments 

V Human 
intentionality  

Driving tasks 
[USA] 

Alter user 
morality 

(Yam et al., 
2021) 

Increase 
satisfaction 

Mind 
perception 

R Humanlike 
agency and 
experience 

Service failures 
[Japan, China]  

Mitigate 
dissatisfaction 
with service 
failures 

(Marriott & 
Pitardi, 
2024) 

Form a 
relationship and 
drive addiction 

Societal need V Sentience, 
agreeableness, 
warmth, and 
ubiquity 

AI service for 
companion [USA 
and presumably 
multicounty] 

Deceiving lonely 
and vulnerable 
users into 
believing AISs 
are sentient 

Across facets 

(Pavone et 
al., 2023) 

Evoke 
attribution of 
responsibility 

Emotional 
reactions 

V Visual cues and 
intentionality 

Service failures 
concerning 
travel [USA] 

Mitigate blame 
to service 
providers for 
adverse 
outcomes 
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(Benlian et 
al., 2020) 

Mitigate 
intrusive effects 

Societal need V Visual human 
attributes 
(smiling face) 

Intrusive 
technology 
features at home 
[Germany] 

Shape feelings of 
privacy invasion 

(Vitale et al., 
2018) 

Reduce privacy 
concerns 

Embodiment  R Humanlike 
gesturing 
and speech 

Face enrollment 
service systems 
[Australia]   

Alter privacy 
concerns 

(Etemad-
Sajadi et al., 
2022) 

Intention to use Trust, safety, 
responsibility 

R Human social 
cues 

Frontline service 
interaction 
[Unknown] 

Shape the fear of 
human 
replacement  

(Aw et al., 
2024) 

Enhance the 
perceived 
fairness of 
algorithmic 
justice 

Mind 
perception 

V Perceived 
autonomy 

Information 
processing in 
investment 
decisions 
[Unknown] 

Induce a belief 
in interacting 
with social 
beings 

(Xie & Lei, 
2022) 

Enhance privacy 
concerns  

Information 
sensitivity 

R Various levels of 
humanlike 
appearance 

Information 
sharing in a 
restaurant 
[China] 

Alter users' 
privacy 
concerns 

(Song et al., 
2023) 

Increase 
intention to 
accept 

Perceived 
competence 

V A combination 
of social cues in 
conversations 

Time pressure in 
service 
encounters 
[China] 

Trigger privacy 
paradox 

(Chuah et al., 
2021) 

Intention to use Performance 
expectancy: 
personality 
traits 

R Visual human 
attributes 

Adoption in 
service [Taiwan] 

Tap into 
different 
personality 
traits, and alter 
privacy risk 

(Garvey et 
al., 2023) 

Increase 
purchase 
likelihood and 
satisfaction 

Perceived 
intentionality  

R Various levels of 
humanlike 
appearance 

Service offer that 
is worse than 
expected 
[presumably 
USA] 

Mitigate blame 
to service 
providers for 
worse offerings 

(Kegel & 
Stock-
Homburg, 
2023) 

Influence trust 
and ethical 
concerns 

Moral 
behavior  

R Morality in 
conversation  

Retail service 
settings [USA] 

Moral behavior 
in conversation  

(Pizzi et al., 
2023) 

Willingness to 
disclose 
personal 
information  

Social 
cognition 
(warmth and 
competence)  

V Gender-based 
human face with 
gaze direction 

Holiday car 
rental customer 
service 
[presumably 
multicountry] 

Altering 
skepticism that 
increases trust 
toward service 
providers 

(McGinn et 
al., 2020) 

Increase 
acceptance 

Perceived 
intelligence 
and safety 

R A combination 
of visual cues 
and voice 

Socially assistive 
services [USA] 

Develop a 
relationship 
rapidly 

Note(s): *Type of AIs: V represents virtual AIs, and R represents robotic AIs; **Country of 
users/experts/sample who participated in empirical studies. I presumably added the Country where 
applicable based on the methodology and authors' affiliations. 
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Appendix B. Archival Data 

The ABI/INFORM Complete (ProQuest) database was utilized to create the dataset 

using its advanced search option. The search was restricted to English‑language 

records with no publication date limit, and the source type filter was applied to 

include only: Blogs, Podcasts & Websites, Magazines, and Newspapers. This initial 

search produced 1119 records and was imported into Zotero, which became 964 

after merging duplicates (when an incident or circumstance is reported in the same 

or different outlets' online and printed versions with similar insights, the records are 

considered duplicates). All records were extracted and imported into Zotero 

referencing software for screening. Content published in English with access to full 

text, including blogs, podcasts, websites, magazines, and newspapers, was considered 

for inclusion, particularly content that included direct quotations or opinions related 

explicitly or implicitly to actions within firms, or end usage or consumption in service 

settings, and to possible risks of harm, and was excluded if otherwise. Screening was 

carried out in two steps.  The first round was performed by reading titles and 

necessary details for understanding, which reduced the set to 260 records. The 

second round involved a closer assessment through reading the complete text, which 

reduced the pool to 182 records. A few relevant records were replaced by 

cross‑referencing techniques to find the referred original source or similar content in 

more internationally known outlets, maintaining diversity and high quality. In both 

rounds, screening was based on interrelated inclusion and exclusion criteria (see 

Figure B1). In addition, further media records, particularly news and podcasts, were 

added through manual searching, supported by clues taken from selected records, 

consultation from scholarly conversations, and following regular news updates. This 

process added 28 relevant records. The combined effort resulted in a final dataset of 

210 media records consisting of five categories: newspaper articles N=122, 

web‑based news sources N=14, magazine articles N=47, blog posts N=20, and 

transcripts of podcasts N=7. 
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Figure B1. Construction of the archival dataset 

Database 
search 
(searching 
records till 
June 2026) 

Search protocol: 
((Anthropomorph* OR humanlike OR "human-like" OR humanizing OR humanization) AND 
("artificial intelligence" OR "AI" OR "AI system*" OR "AI agent*" OR “Generative AI” OR 
"autonomous and intelligent system*" OR “autonomous system*” OR robot* OR chatbot OR 
"conversational AI" OR "voice assistant" OR "virtual assistant" OR "digital assistant" OR 
"autonomous product*" OR "autonomous vehicle*" OR "machine learning" OR "deep 
learning" OR "neural network" OR "natural language processing" OR “large language model” 
OR "AI-based model") AND (risk OR harm OR abuse OR wellbeing OR "well-being") AND 
(servi*)) 

Extraction of records: 
ABI Inform Complete (ProQuest) (N=1119) 
by utilizing the Advanced Search function 
with the Boolean operator in Document text—FULLTEXT 

Reasons for inclusion: 
▪ Content published in English till June 2026 with access to

full text; AND 
▪ Content is either ‘Blogs, Podcasts, & Websites’, Magazines,

and Newspapers; AND
▪ Content directly links to AI within firms, commercial, or 

corporate activities; AND 
▪ Explicitly or implicitly relate to possible managerial or 

strategic actions around developing and deploying AI; OR 
o Relate to end usage or consumption of AI in service

settings or tasks; OR 
o Relate to possible AI-related risks of harm; OR 
o Relate to responsibility or regulation of AI that may 

impact managerial or strategic actions and usages; OR 
o Relate to human-like features or anthropomorphism.
Reasons for exclusion: 
▪ Duplicate or almost similar content published in the same or 

other outlets; OR 
▪ Relate to other aspects than AI or anthropomorphisms; OR 
▪ Product, service or company announcements, press releases,

or news which seem to provide positive signaling to 
stakeholders (e.g., investors, users); OR

▪ Technical, evaluative reporting, or general discussion that 
does not underlie any possible managerial or strategic actions, 
or risks of harm; OR 

▪ Situated in employment, jobs, professional services, military 
conflict, or manufacturing. 

First round 
of screening 

(reviewing 

title, 
abstract, or 

full text; 
excluded 

records in 
this round 

N=704) 

Extracted records 

after merging 

duplicates  
(N = 964) 

Records after first 

round of 

screening 
(N = 260) 

Second 

round of 

screening 
(reading 

whole text 
for eligibility; 

excluded 

records in 
this round 

N=78) 

Records after 

second round of 
screening 

(N = 182) 

Remaining 
records 

for textual 
analysis  

(N = 210) 

Including relevant records from  

cross-referencing and manual searching 

(N = 28) 

Final 
records 
(updating 

metadata, 

such as item 

type, title, 

publication, 

by cross-

checking or 

replacing 

with the 

original 

source) 
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