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Scholarly Article

“Intelligence is the ability to adapt to change” (Stephen Hawking), 
making “cognition the very process of life” (Capra and Luisi).

Introduction

Conversations about artificial intelligence (AI) have become 
central to discourse as society faces significant shifts in work, 
daily life, and human potential. The rapid adoption of AI across 
industries and regions reflects its ubiquity and potential to 
reshape society. McKinsey’s global survey on AI (Singla and 
Sukharevsky 2024) found that more than two-thirds of respon-
dents across almost all regions reported using AI in various 
areas of their organizations. The rise of large language models 
(LLMs) such as ChatGPT has accelerated this trend, contribut-
ing to an exponential increase in global AI adoption and invest-
ment. This acceleration has sparked both enthusiasm and 
concern, underscoring the promises and risks of AI across vari-
ous areas of life. Yet, while discussions of AI’s impact have 
permeated popular, practitioner, and academic literature (Belk 
2021; Bostrom 2014; Noble 2018), the dominant conceptual-
ization of AI remains narrowly focused.

In marketing and service research, AI has been studied 
largely as a property of computational machinery—increas-
ingly sophisticated algorithms embedded in technological arti-
facts designed to automate tasks and replicate human 

intelligence (Huang and Rust 2018) and even emotions (Huang 
and Rust 2024). This micro-theoretical framing has provided 
important insights into the computational aspects of informa-
tion processing and how AI is being utilized in business and 
society. However, it remains anchored in a Newtonian mecha-
nistic worldview, which, when applied to the concept of intel-
ligence, commonly leads to conceptualizations of intelligence 
as a property of discrete, independent entities functioning 
within (somewhat) predictable systems. By contrast, contempo-
rary intelligence research across fields such as cognitive sci-
ence, systems theory, and neurobiology suggests that 
intelligence is not merely a computational capability but an 
emergent, dynamic phenomenon that arises from interactions 
within complex systems (Capra and Luisi 2014).

These systemic perspectives challenge mechanistic assump-
tions by emphasizing intelligence as a relational, emergent phe-
nomenon. A prominent expression of this shift is the literature 
on collective intelligence (CI) (Flack et al. 2022), which exam-
ines how cognitive capacities arise across interacting groups 
rather than within isolated entities. Broadening prevailing con-
ceptions of intelligence beyond narrow AI-centric views and 
toward collective and systemic perspectives underscores the 
need for marketing and service research to engage more deeply 
with contemporary perspectives on intelligence, as failing to do 
so risks obscuring how AI-driven interactions cocreate value, 
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transform markets, and reconfigure systems of value cocreation 
and service exchange. As Russell (2016, p. 7), a leading AI 
scholar, emphasizes, AI’s aim is not to mimic human cognition 
but to “create and understand intelligence as a general property 
of systems, rather than as a specific attribute of humans.” This 
systemic view of intelligence opens the door to conceptualizing 
both human and technological intelligence as emergent capaci-
ties of dynamic systems rather than properties of isolated enti-
ties. However, while CI research moves beyond individual 
cognition, it often struggles to explain how heterogeneous 
actors come to participate in and contribute to such intelligence. 
This limitation stems from treating actors as pre-defined units 
that then interact, leaving unanswered how their capacities 
emerge within systems. In other words, prior research in CI pre-
supposes the very entities whose collective capabilities it seeks 
to explain.

The need to expand our understanding of the source and 
nature of intelligence in the AI era raises an important theoreti-
cal question for marketing and service research: How should 
intelligence—and AI in particular—be conceptualized once it is 
understood as an emergent property of service ecosystems 
rather than as a computational capacity of isolated actors? To 
address this question, we apply the service-ecosystem perspec-
tive of service-dominant (S-D) logic (Vargo and Lusch 2004, 
2008, 2016) as an organizing framework (Vargo 2023). S-D 
logic provides a transcending lens for conceptualizing the 
cocreation of intelligence in dynamic systems of service 
exchange. It is established as an indigenous theoretical tradition 
within marketing and service research that has gained substan-
tial traction in contemporary work (Bolton 2020; Sheth, 
Parvatiyar, and Uslay 2022). Moreover, S-D logic and its ser-
vice ecosystem lens naturally align with established systems-
based conceptions of intelligence but have not yet been applied 
in developing a framework for intelligence in general, and AI 
more specifically. We integrate S-D logic with insights from 
systems thinking, assemblage theory, and quantum theory to 
develop a framework for (artificial) intelligence as an emergent 
property of adaptive, self-organizing service ecosystems. This 
framework reveals conceptual limitations in prior S-D logic 
work while extending its account of emergent properties and 
processes in service ecosystems.

As intelligent technology is increasingly integrated in ser-
vice exchange (Jim et al. 2022), the boundaries between human 
and non-human actors blur, demanding a richer theorization of 
how their roles and capacities are mutually constituted. Rather 
than treating technology as an external tool or passive enabler, 
AI foregrounds its active participation in shaping value creation 

and coordination. This perspective aligns with relational ontol-
ogies, which view agency as emerging within interactions 
rather than being inherent to discrete entities—a perspective 
sometimes referred to as intra-action (Barad 2007). From this 
standpoint, the rise of AI necessitates a reconsideration within 
S-D logic of how cognition, value creation, and governance 
emerge through recursive sociotechnical relationships. By 
highlighting the entanglement of human and non-human contri-
butions, AI draws attention to residual traces of anthropocentric 
assumptions in some S-D logic interpretations, even as S-D 
logic has increasingly moved toward distributed, relational 
views of agency and meaning-making. In doing so, AI fore-
grounds coordination and institutional emergence as distrib-
uted, relational processes through which intelligence, as a 
systemic capacity, enables adaptive adjustments that sustain the 
viability of service ecosystems over time.

Accordingly, this manuscript has two aims: (a) to develop an 
S-D-logic–based framework for understanding the processes 
and functions of AI in service ecosystems and (b) to extend and 
refine S-D logic’s ontological foundations by incorporating 
relational and systems-oriented perspectives necessary for con-
ceptualizing intelligence as an emergent, ecosystemic phenom-
enon. We proceed as follows: First, we examine dominant 
conceptualizations of AI in marketing and service literature, 
highlighting their reliance on mechanistic assumptions. Next, 
we synthesize insights from intelligence theory, cognition, and 
complex systems to develop a framework that conceptualizes 
intelligence as an emergent capacity of service ecosystems, 
extending and refining S-D logic’s grounding in relational and 
systemic ontologies. Finally, we explore the implications for 
AI’s role in creating value in service ecosystems, offering a 
pathway forward for advancing research, managerial practice, 
and policy in an era of increasingly intelligent (i.e., adaptive) 
technology.

Intelligence as a Systemic Phenomenon

The marketing and service fields offer several important frame-
works at the intersection of AI and strategic marketing, service 
provisions, and retail adoption (e.g., Davenport et  al. 2020; 
Guha et al. 2021; Huang and Rust 2021). As shown in Table 1, 
these frameworks generally focus on midrange theoretical 
developments, assuming that AI is well understood. In fact, 
they describe AI in a very similar manner, as the property of a 
“computational machinery” (Huang and Rust 2021, p. 31), sets 
of “programs, algorithms, systems and machines” (Davenport 
et al. 2020, p. 25) that “emulate capabilities inherent in humans” 
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(Huang and Rust 2021, p. 31), machines mimicking “intelligent 
human behavior” (Syam and Sharma 2018, p. 136), and intel-
ligence “comparable to humans” (Guha et  al. 2021, p. 29). 
More recently, Huang and Rust (2024) advance this line of 
work by introducing “feeling AI” and a GenAI-enabled cus-
tomer care journey; however, their framework remains 
grounded in an understanding of intelligence as a machine 
capability.

At the same time, some work within and adjacent to this lit-
erature begins to problematize this purely machine-centered 
understanding of AI by questioning whether intelligence can be 
meaningfully attributed to isolated artifacts. Earlier work by 
Huang and Rust (2018, p. 161), for example, points out that 
advances in “the Internet and communication technologies sig-
nificantly scale up AI’s self-learning ability to the entire net-
work rather than individual machines,” resulting in more 
complex and emergent forms of intelligence. Similarly, 
Hoffman and Novak (2018) argue that consumer experiences in 
the Internet of Things are shaped by assemblages of everyday 
objects communicating with each other and consumers via the 
Internet. Extending this argument further, Crawford (2021) 
emphasizes that AI is not autonomous but relies on extensive 
resources, labor, and infrastructure.

This critique of machine-centered, human-like conceptions 
of AI gains further force when considering the absence of a uni-
fied definition of human intelligence (HI) itself. As Sternberg 
et al. (1981, p. 6) point out, “there seem to be almost as many 
definitions of [HI] as there were experts asked to define [it].” 
Likewise, Legg and Hutter (2007, p. 2) state that “Despite a 
long history of research and debate, there is still no standard 
definition of intelligence,” and in their review of 71 definitions, 
the authors identify three common attributes of HI: (a)  
“a property that an individual agent has as it interacts with its 

environment or environments,” (b) “related to the agent’s abil-
ity to succeed or profit with respect to some goal or objective,” 
and (c) “how able the agent is to adapt to different objectives 
and environments” (Legg and Hutter 2007, p.9). That is, while 
the traditional HI literature views intelligence as a property of 
an individual actor, it converges on the notion that intelligence 
can only be understood in the context of goal-driven interaction 
and adaptation processes in relation to an environment, echoing 
the need for a more systemic view of intelligence. As shown in 
Table 2, adaptation emerges as a fundamental feature of intel-
ligent behavior across both human and artificial intelligence 
domains.

The definitions in Table 2, consistent with the frameworks in 
Table 1, generally link adaptive capabilities to the cognitive 
functions of humans or computational machinery. However, the 
concept of adaptation has its intellectual roots in systems think-
ing, where fields such as evolution and ecology have long pro-
vided foundational insights into adaptive behavior. In the study 
of “minimal cognition,” for example, recent research finds that 
plants exhibit adaptive, anticipatory, and goal-directed behav-
iors consistent with Legg and Hutter’s (2007) conceptualization 
of intelligence. Calvo Garzón and Keijzer (2011, p. 157) 
observe that “plants are sensitive to a variety of signals” that 
yield future advantages, such as roots adjusting growth based 
on future mineral and water acquisition. Those signals include 
light, soil structure, and competition—demonstrating that 
“plant cognition [is].  .  . adaptive, flexible, anticipatory, and 
goal-directed” (Segundo-Ortin and Calvo 2022, p. 3). While 
work on minimal cognition centers on a focal actor (i.e., the 
plant), it shows that cognition is not limited to mental processes 
of an individual brain or species but emerges as biological sys-
tems “interact at many levels” (Calvo Garzón and Keijzer 2011, 
p. 159).

Table 2.  Adaptation as a Fundamental Manifestation of Intelligent Behavior.1

HI AI

“[. . .] is judgement, otherwise called good sense, practical sense, 
initiative, the faculty of adapting one’s self to circumstances.” 
(Binet and Simon 1905)

“[is ] any system [. . .] that generates adaptive behavior to meet 
goals in a range of environments can be said to be intelligent.” 
(Fogel 1995)

“[. . . is] the capacity to meet novel situations, or to learn to do so, 
by new adaptive responses.” (Drever 1952)

“Intelligence is the ability for an information processing system 
to adapt to its environment with insufficient knowledge and 
resources.” (Wang 1995)

“[. . .] adjustment or adaptation of the individual to his total 
environment, or limited aspects thereof[. . .] (Freeman quoted in 
Sternberg 2000)..

[. . .] requires a highly adaptive, general-purpose system that 
can autonomously acquire an extremely wide range of specific 
knowledge and skills and can improve its own cognitive ability 
through self-directed learning.” (Voss 2007)

“Ability to adapt oneself adequately to relatively new situations in 
life.” (Pinter quoted in Sternberg 2000)

“[. . .] in any real situation behavior appropriate to the ends of the 
system and adaptive to the demands of the environment can occur, 
within some limits of speed and complexity.” (Newell and Simon 
2007)

“[. . .]certain set of cognitive capacities that enable an individual to 
adapt and thrive in any given environment they find themselves 
in[..]” (Simonton 2003)

 

Note. AI = “Artificial” Intelligence; HI = human intelligence.
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Similarly, HI cannot be separated from the systemic inter-
actions in which it operates (Schlinger 2003). In fact, in what 
has become known as the Santiago Theory of Cognition, 
Maturana and Varela (1991) argue that cognition needs to be 
reframed from an individual human phenomenon to a sys-
temic one. Specifically, they reframe cognition from the men-
tal activities related to acquiring and processing information 
to the distributed, autopoietic processes through which all liv-
ing networks self-generate and self-perpetuate. Cognition, in 
this view, transcends individual brains, becoming a primary 
mechanism for life’s self-perpetuation across ecosystems, or 
as Capra and Luisi (2014, p. 253) state, “cognition [is] the 
very process of life.”

S-D logic as a Foundation for 
Conceptualizing Intelligence

As noted, we propose that an S-D logic, service ecosystems 
perspective can serve as an organizing theoretical framework 
(Vargo 2023) for understanding the root of “artificial” intelli-
gence, as it accommodates a more contemporary understanding 
of intelligence while connecting directly with the service and 
marketing literature. In doing so, it aligns naturally with and 
helps interpret other frameworks that conceptualize intelligence 
as a dynamic, relational, and systemic phenomenon (e.g., Beer 
2004; Capra and Luisi 2014).

S-D logic is a metatheoretical shift in thinking about value 
creation and markets that argues for service, or the application 
of resources, as the basis of exchange (Vargo and Lusch 2004, 
2008). Recently, Sheth, Parvatiyar, and Uslay (2022) described 
S-D logic as a leading candidate for the development of a gen-
eral theory of marketing. Similarly, Kotler et al. (2021) referred 
to S-D logic as the “grand theory” of marketing, and Bolton 
(2020) believes that many marketing academics have already 
adopted S-D logic thought, especially its cocreative and sys-
temic orientations, although many without realizing it. In the 
service context, Field et al. (2021) further reinforce the impor-
tance of S-D logic in understanding and designing sustainable 
service ecosystems.

The S-D logic service ecosystems perspective emphasizes 
how value is cocreated through dynamic interactions among 
various actors in socioeconomic systems. Service ecosystems 
are defined as “relatively self-contained, self-adjusting 
system[s] of resource-integrating actors connected by shared 
institutional arrangements and mutual value creation through 
service exchange” (Vargo and Lusch 2016, pp. 10–11). This 
definition, grounded in systems thinking—including complex-
ity theory (Vargo and Lusch 2016)—reframes value “from a 
property of output to an experiential outcome, a measure of a 
change in viability, [or] well-being” of a system (Vargo and 
Lusch 2017, p. 54). Institutional arrangements—comprising 
interdependent norms, rules, and meanings—guide these cocre-
ative processes, fostering adaptation and innovation.

Importantly, any given ecosystem comprises multiple over-
lapping subsystems that are themselves nested within higher- 
and lower-order systems. Thus, a system’s viability can be 
assessed from numerous viewpoints and levels, and at any point 
in time, viability will vary across its nested and overlapping 
components. From this perspective, brains and computational 
machinery are higher-level systemic aggregates themselves 
because brains are composed of dynamic networks of mole-
cules, cells, and tissues (Watson and Levin 2023), while com-
putational machinery operates through interconnected graphics 
processing units (GPUs), algorithms, and user interactions. 
This nested structure, as Capra and Jakobsen (2017, p. 835, 
emphasis added) note, means that “each individual system is an 
integrated whole and, at the same time, part of larger systems.” 
Thus, the actor–environment dualism commonly invoked in 
intelligence research arises from the observer’s analytical lens, 
not from any inherent division within the relational dynamics 
that constitute intelligence.

S-D logic’s ecosystems perspective provides an organizing 
framework for reconceptualizing the sociotechnical and sys-
temic nature of AI because of its institutional grounding, which 
makes it reconcilable with well-established and emerging con-
ceptualizations of the social construction of technology (Bijker 
1997; Orlikowski 1992; Pinch and Bijker 1987; Vargo, Wieland, 
and Akaka 2015), as well as those of technological governance 
(Vargo, Fehrer, et al. 2023). At the same time, this institutional 
grounding is fundamentally relational, blurring distinctions 
between human and non-human actors and emphasizing the 
governance mechanisms that sustain systemic adaptation.

From this relational standpoint, understanding intelligence 
requires moving beyond interactions among pre-existing 
actors and toward the relational processes through which 
actors and their capacities are continually formed and trans-
formed. Although S-D logic has long emphasized interaction, 
it has yet to fully develop the relational ontology required to 
account for this co-constitutive view of actors and action. By 
engaging complementary frameworks—CI, systems thinking, 
and relational ontologies—we argue that system viability is 
not a function of individual actors’ computational capabilities 
but of the dynamic, interdependent processes through which 
intelligence becomes expressed in ecosystems. This requires 
attention to the capacities that emerge through interactions 
among heterogeneous actors, as it is this relationally gener-
ated intelligence that enables adaptation and, ultimately, sys-
tem viability. The generative nature of service ecosystems 
requires further development of S-D logic to shift attention 
from the attributes of actors and their interactions to the rela-
tional constitution of capabilities, revealing service ecosys-
tems themselves as autopoietic and cognitive systems. A 
natural starting point for developing this ecosystemic account 
of intelligence is the literature on CI, which demonstrates how 
collective capabilities emerge from distributed interactions 
rather than from individual actors.
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How (Artificial) Intelligence Supports 
System Viability

Collective Intelligence

In this section, we introduce CI as an empirically grounded per-
spective for understanding how adaptive capacities emerge 
from distributed interaction rather than from isolated actors. CI 
is a body of work spanning fields such as “computer science, 
sociology, neuroscience, biology, political science, physics, and 
management” (Flack et al. 2022, p. 2). In business literature, 
studies show that crowds can outperform individuals and even 
firms (Boudreau and Lakhani 2013). Biology contributes 
insights through studies of beehives and ant colonies (Malone 
and Bernstein 2022), where insects collectively respond to 
environmental challenges—a concept also applied to robotic 
systems, where swarm behavior enhances adaptation (Parker 
2007). Swarm intelligence illustrates how complex coordina-
tion can emerge from simple local interactions among agents 
(Bonabeau, Dorigo, and Théraulaz 1999). Through decentral-
ized feedback and minimal communication, swarm systems 
achieve coherence, resilience, and adaptability—properties 
mirrored in AI-enabled networks and service ecosystems. Just 
as swarms organize through distributed sensing and self-adjust-
ment, service ecosystems evolve through recursive exchanges 
and feedback loops that sustain value cocreation and systemic 
viability (Vargo, Akaka, and Wieland 2020).

However, as Malone and Bernstein (2022) observe, CI lacks 
a widely accepted definition, just as HI has long faced similar 
definitional challenges. Lévy (1997, p. 16) describes CI as a 
form of “universally distributed intelligence,” constantly 
enhanced, coordinated in real time, and resulting in the effec-
tive mobilization of skills.” In contrast, Smith (1994, p. 1) 
defines it as “a group of human beings [carrying] out a task as 
if the group, itself, were a coherent, intelligent organism work-
ing with one mind, rather than a collection of independent 
agents.” Such dynamics have been observed in marketing orga-
nizations, where individual and collective cognitions converge 
to produce superior coordination and performance (Rust, 
Moorman, and van Beuningen 2016). These perspectives con-
verge on the idea that CI emerges from interactions among 
actors who cocreate value. Historically, studies have focused on 
homogeneous groups (e.g., human groups, ant colonies, robotic 
swarms) in settings like families, armies, or organizations. 
However, as technology advances, there is a growing interest in 
CI arising from human-technology interactions. Malone and 
Bernstein (2022), for example, identify human computation, 
crowdsourcing, and collaborative technologies as critical to 
contemporary CI research.

Recent work increasingly frames this shift toward human-
technology CI in terms of advances in AI itself. In particular, 
the shift from artificial narrow intelligence (ANI) to artificial 
general intelligence (AGI) further contributes to this growing 
focus on human–computer interactions (Guha et  al. 2021; 
Müller and Bostrom 2016). ANI encompasses AI systems 

designed for specific tasks within a limited scope, unable to 
operate beyond their predefined functions. AGI, in contrast, 
represents AI capable of understanding, learning, and applying 
knowledge across diverse tasks and domains. With the progres-
sion toward AGI, computational technologies are increasingly 
seen as “smart enough” to engage in CI. For example, Weld, 
Lin, and Bragg (2015) show that AI technologies enhance effi-
ciency in human interactions and are increasingly viewed as 
participating actors rather than mere support tools. Nevertheless, 
work on CI often sustains a distinction between humans and 
technological artifacts—a divide that, implicitly, is only bridged 
once technologies are deemed “smart” or anthropomorphic 
enough to qualify as CI participants.

While prior research highlights the cognitive advantages of 
CI over isolated brains, it often struggles to explain how hetero-
geneous actors come to participate in and contribute to such 
intelligence. The limitation stems from treating actors as  inde-
pendently constituted units that then interact, leaving unan-
swered how their capacities emerge within a system. To address 
this, we draw on theoretical perspectives that support and extend 
S-D logic by emphasizing that, in heterogeneous networks, 
actors and their capacities emerge from the relational arrange-
ments that constitute them. From this perspective, the emergent 
intelligence observed in service ecosystems arises not simply 
from exchanges among distinct entities but from the continual 
formation of actors within evolving assemblages of relations.

Relational Ontologies

In this section, we draw on assemblage theory and actor–net-
work theory to demonstrate how heterogeneous human and 
non-human actors are constituted through relations rather than 
treated as pre-given entities. Assemblage thinking—associated 
with the work of Deleuze and Guattari (1987)—offers a power-
ful lens for understanding the distributed and relational nature 
of intelligence in the AI era. An assemblage is “a multiplicity 
which is made up of many heterogeneous terms and which 
establishes liaisons, relations between them, across ages, sexes 
and reigns—different natures” (Deleuze and Parnet 1987, p. 
69), emphasizing that outcomes arise from connections among 
diverse human and non-human elements. This is particularly 
salient for AI, which is never a single technological artifact but 
a sociotechnical configuration of algorithms, data, infrastruc-
tures, institutions, and human practices.

Hoffman and Novak (2018) note a growing adoption of 
assemblage theory and actor-network theory (ANT) in consumer 
culture, marketing, and “consumption” research. ANT, some-
times viewed as assemblage theory’s “empirical sister-in-arms” 
(Müller 2015, p. 30), is recognized for emphasizing the dynamic 
and interconnected nature of social and material elements. Law 
(2009, p. 141) describes ANT as “a disparate family of material-
semiotic tools, sensibilities, and methods of analysis that treat 
everything . . . as a continuously generated effect of the webs of 
relations within which they are located.” ANT asserts that entities 
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have no inherent form or reality outside the enactment of their 
relationships. Arguably, by dissolving dualisms such as “human 
versus machine” or “social versus technical,” ANT provides the 
ontological footing needed to conceptualize AI as a co-consti-
tuted service actor rather than an external tool.

From this perspective, ANT shares significant overlap with 
the service ecosystems view. Both perspectives prioritize 
 relationships among heterogeneous actors—individuals, orga-
nizations, resources, and technologies—and suggest that value 
emerges from these collaborative relationships (Vargo and 
Lusch 2016). Through their interdependencies, these actors 
form a system in which the social and technical are inseparably 
intertwined, creating a dynamic that enables value cocreation.

Latour (1996, p. 8), in a study of computerized work sites, 
posits that human cognition has become “distributed” and “sit-
uated” and “is now shared with many intellectual technologies 
to the point where studying a human is studying a field of forces 
and transfers of documents, instruments, ideographies, through 
a collective of similarly distributed fellows, some of them look 
anthropomorphic but many don’t.” As “intelligent technology” 
has become increasingly ubiquitous beyond such sites, the need 
to reconceptualize intelligence has only intensified. In this way, 
both assemblage theory and ANT offer core insights into the 
evolution of AI within service ecosystems.

“With so many intellectual technologies being introduced from 
writing to laboratories, from rulers to pebbles, from pocket 
calculators to material environments, the very distinction between 
natural, situated, tacit intelligences and artificial, transferable, 
disembodied ones has been blurred. Intelligence no longer seems a 
psychological or even a cognitive property, but something more 
akin to heterogeneous engineering and world making, a distributed 
ability to link, associate, tie, fragments of reasoning, stories, action 
routines, subroutines, and to hang them to many holders some of 
them look like neurone nets, other like softwares, other like graphics, 
still other like conversations and rituals” (Latour 1996, p. 8).

That is, assemblage thinking aligns with, and informs S-D 
logic, by pointing to the fact that neither the intelligence of a 
human nor a non-human actor is embedded in brains or compu-
tational devices but emerges through webs of interactions and 
the practices that carry them. Categorizing AI in terms of how 
artificially intelligent machines take on human characteristics 
distracts from the more important understanding of how intel-
ligence is continuously generated through webs of relations 
among human and non-human actors.

S-D logic and assemblage thinking further share an empha-
sis on emergence, wherein outcomes arise from the interactions 
among system elements and cannot be reduced to the properties 
of any individual component. As DeLanda (2006, p. 11) 
explains, “the properties of the component parts can never 
explain the relations which constitute a whole.” Similarly, 
Vargo et al. (2023) describe emergent properties as arising from 
relational dynamics among system elements and as being quali-
tatively distinct. Hoffman and Novak (2018) elaborate on this 

by noting that new capacities of the assemblage emerge as a 
result of interactions between humans and technology. This 
emergent behavior of systems means that neither the intelli-
gence of a technology nor that of a human can be fully explained 
without considering the interactions within a system and  
the relationships through which systems are established and 
maintained.

Systems Thinking, Quantum Relationality, and 
Adaptive Viability

Across S-D logic, CI, and assemblage theories runs a shared 
relational insight: technologies are not autonomous entities but 
sociotechnical assemblages enacted through interactions among 
heterogeneous human and non-human actors (e.g., Pinch and 
Bijker 1987; Vargo, Wieland, and Akaka 2015; Wieland, 
Hartmann, and Vargo 2017). Systems thinking and quantum-
relational perspectives deepen this insight by explaining how 
such relational configurations sustain system viability through 
feedback, adaptation, and co-constitutive processes over time. 
AI technologies make this systemic logic particularly visible, as 
their capabilities emerge only through ongoing interactions 
with data, infrastructures, users, and institutional arrangements 
that define their purposes and meanings.

One might argue that this co-constitutive view of technology 
occupies only a minor place within broader ontological debates. 
However, as Capra and Luisi (2014, p. 65) point out, systems 
thinking—“thinking in terms of connectedness, relationships, 
patterns, and context”—and the stated understanding that the 
whole is greater than the sum of its parts has increasingly 
become adopted by many fields (e.g., biology, psychology, 
ecology, and physics) and can be found in multiple ontological 
perspectives (Murphy 2021). In contrast to Newtonian reduc-
tionism, where intelligence or causality can be located in dis-
crete entities, systems thinking suggests that intelligence arises 
through feedback, adaptation, and co-dependence among sys-
tem components. This is especially apparent in service ecosys-
tems involving AI actors, where learning and feedback 
continually shape system behavior.

The ongoing shift to relational ontologies has been acceler-
ated by insights from quantum theory, which reveal that “inter-
action is an inseparable part of [any] phenomenon” (Rovelli 
2022, p. 140). Moreover, quantum theory replaces determinis-
tic certainties with probabilistic tendencies, foregrounding a 
world in which outcomes are not predetermined but emerge 
from the relational configuration of possibilities. These insights 
resonate strongly with AI systems, whose behavior cannot be 
understood by examining algorithms or data in isolation but 
only through their entangled interactions with users, infrastruc-
tures, and institutional contexts. In this sense, AI represents a 
paradigmatic expression of quantum-relational thinking, reveal-
ing forms of cognition that are probabilistic, context-dependent, 
and enacted through entangled processes of value cocreation 
among human and non-human actors.



8	 Journal of Service Research 00(0)

This quantum-relational worldview has also been adopted in 
the social sciences, where theorists such as Karen Barad and 
Alexander Wendt draw on quantum principles to challenge tra-
ditional distinctions between human and non-human actors. 
Barad’s (2007) concept of intra-action reframes agency as an 
enactment rather than an attribute of pre-existing entities, while 
Wendt (2015, p. 260) describes agents and structures as “mutu-
ally constitutive” and co-emergent. These perspectives high-
light that systemic relations—among people, institutions, and 
technologies—continuously reshape social structures. 
Governing mechanisms (i.e., institutions) therefore play a piv-
otal role in sustaining and directing the emergence of intelli-
gence within these dynamic systems.

This suggests that understanding how technology becomes 
intelligent requires an interconnected quantized conceptualiza-
tion since, as Rovelli (2022, p. 140) states, “all nature is quan-
tum.” Importantly, a systemic perspective does not deny the 
necessity of computing power, algorithms, or neural architec-
tures in AI systems; rather, it recognizes that these elements 
only become constituted and intelligent through their participa-
tion in wider networks. It is through the interactions among het-
erogeneous actors that adaptations in systems occur and system 
viability is sustained. In the next section, we build on these 
insights to examine how the interplay of technology, gover-
nance, and intelligence forms a higher-order framework for 
understanding the adaptive nature of service ecosystems.

Building Blocks of (Artificial) Intelligence

Traditionally, the concepts of intelligence, technology, and gov-
ernance are treated as distinct categories, a separation that appears 
so intuitive that it rarely invites scrutiny. However, when viewed 
through an S-D logic, service ecosystem lens, this division loses 
its relevance. Instead, intelligence as adaptive capacity, technol-
ogy as an agentic resource (Akaka and Vargo 2014), and gover-
nance as institutions (Vargo 2011) are best understood as 
intertwined aspects of dynamic, evolving service ecosystems that 
sustain system well-being through self-regulation and adapta-
tion. In this view, all three participate in the broader process of 
cognition (cf. Capra and Luisi 2014). In the context of techno-
logical intelligence, these interdependencies become particularly 
visible, making AI an ideal setting for examining how intelli-
gence, technology, and governance co-emerge.

Technology

The concept of technology is complex and multifaceted, often 
defying simple definitions. Pinch (2008) highlights its elusive-
ness, noting that the term has acquired various and often restric-
tive meanings, especially in relation to material constraints. To 
address this, prior S-D logic research (Akaka and Vargo 2014) 
has built on Orlikowski’s (1992) sociomaterial perspective and 
Arthur’s (2009) idea of technology as “assemblages of prac-
tices and components” designed to achieve human goals. This 

perspective encompasses both tangible hardware and intangible 
processes or methods. For instance, LLM platforms are combi-
nations of both hardware and software as these AI systems are 
composed of databases, GPUs, machine learning programming 
languages, training data, and prompt engineering (Davenport 
et al. 2020), all of which are embedded in broader sociomaterial 
and natural ecosystems that shape and are shaped by ongoing 
interactions among human and non-human actors.

Other definitions of technology, such as those by Hughes 
(1989) and Mokyr (2004), also avoid a clear demarcation 
between physical components and processes by framing tech-
nology as an endeavor to “arrange the world for problem-solv-
ing” or as “useful knowledge.” These definitions resonate with 
systems thinking in that they view technology as inseparable 
from the sociotechnical practices through which it is developed 
and used. Arthur (2009) describes technological evolution as a 
combinatorial process in which new elements are synthesized 
from existing ones, continually generating new “building 
blocks” for future developments. In AI systems, this combina-
torial process is often amplified and accelerated, as algorithms, 
data sources, and computational architectures continually feed 
into one another’s evolution.

Combinatorial evolution underpins not only technological 
innovation but also broader institutional change. Vargo and 
Lusch (2016) suggest that institutional change follows a similar 
combinatorial process. Actors reshape institutional arrange-
ments by recombining elements of existing ones, fostering col-
laborative reflection and redefining collective action (Thornton 
and Ocasio 2008). In line with Kant’s notion that the whole 
exceeds the sum of its parts, these recombinations generate 
emergent wholes whose properties cannot be inferred from the 
components alone. From an ecosystemic perspective, techno-
logical change is, in essence, institutional change. Technology 
embodies institutional arrangements and co-evolves with the 
social systems that constitute those arrangements. Both AI and 
HI emerge from the (re)combination of resources, where net-
worked interactions among humans and non-human actors 
shape meanings, perceptions of usefulness, and governance 
systems that uphold social order.

Governance

Understanding technologies as institutional arrangements 
implies that governance is an intrinsic part of the intelligence 
processes through which service ecosystems adapt and evolve. 
Accordingly, Palay (1984, p. 265) characterizes governance as 
“a shorthand expression for the institutional framework” within 
which behaviors, rules, and norms are “initiated, negotiated, 
monitored, adapted, and terminated.” This perspective chal-
lenges recent discussions on AI, which present governance as 
an external (to technology) responsibility (Zaidan and Ibrahim 
2024). Such discussions often narrowly focus on the responsi-
bilities of two types of actors—AI-creating companies and the 
regulating authorities. While the White House, for example, 
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points out that the “private sector has an ethical, moral and legal 
responsibility to ensure the safety and security of their prod-
ucts” (i.e., a call for corporate digital responsibility [CDR]), 
others call for governmental regulations (McCabe 2023).

This actor-centric view of governance is not unique to the AI 
discourse; it mirrors broader work on exchange, where gover-
nance is often perceived to be limited to government regula-
tions, legal contracts, and other enforceable rules. However, 
research has long noted that this limited focus on legally 
enforceable governance is insufficient (Cannon, Achrol, and 
Gundlach 2000). The institutional perspective of S-D logic 
offers an alternative view by framing governance as a collab-
orative process involving numerous actors and their interac-
tions, embedded in systems of service exchange. Since 
technologies are institutional arrangements and technological 
change is institutional change, technologies cannot exist with-
out gaining shared perceptions of governance structures across 
interaction and value cocreation (e.g., perceptions of useful-
ness). In other words, as technology emerges through interac-
tions, so does the governance required to integrate, adapt, and 
exchange technology.

From this perspective, AI governance is also an emergent 
property of service ecosystems, arising from the recursive inter-
actions among developer communities, platform infrastruc-
tures, users, and institutional arrangements. Through these 
interactions, norms of responsible use and value creation take 
shape. This ecosystemic view reframes governance from a top-
down mechanism of control to a distributed, emergent property 
of interaction—an expression of the same adaptive and self-
regulating principles that underlie S-D logic’s conception of 
service ecosystems.

This relational–institutional view of governance also reshapes 
how we understand markets. Far from the static, predetermined 
constructs of neoclassical economic thought, markets are 
dynamic, shaped by social, sociomaterial, political, discursive, 
and systemic influences (Fligstein 1996; Giesler 2008; 
Humphreys 2010; Nenonen et  al. 2014; Rosa et  al. 1999; 
Wieland, Hartmann, and Vargo 2017). From an ecosystemic per-
spective, markets function as governing institutions that define 
and regulate the conditions of participation, resource access, and 
coordination among heterogeneous actors. In the context of AI, 
this means that markets themselves play a central role in gov-
erning how AI is developed, deployed, evaluated, and adapted. 
Market arrangements shape the expectations placed on AI sys-
tems, the distribution of responsibilities among actors, and the 
norms that guide responsible use. Actors who deviate from mar-
ket “rules,” for instance, may face unfavorable conditions or be 
excluded from exchanges. Given this institutional grounding for 
technology and governance, markets can be viewed as technolo-
gies themselves, serving as “assemblage[s] of practices and 
components” (Arthur 2009, p. 28) designed to meet human 
needs, such as facilitating efficient and equitable exchanges. In 
the following section, we leverage an institutional and relational 
approach to explore AI as an ecosystemic phenomenon.

Understanding AI as an Ecosystemic 
Phenomenon

The integration of AI into service ecosystems makes the funda-
mental processes through which intelligence, technology, and 
governance coevolve increasingly visible. Within an S-D logic 
perspective, intelligence is not an attribute of isolated entities 
but a property that arises from continuous adaptation, feedback, 
and resource integration across systems of human and non-
human actors. In this sense, the increasing use of AI reveals—
rather than replaces—what can be understood as an ecosystemic 
view of intelligence: the distributed capacity of service ecosys-
tems to learn, self-adjust, and sustain viability through ongoing 
interactions and, more fundamentally, intra-actions that reflect 
a relational ontology in which actors’ capacities are constituted 
within relations rather than prior to them.

Here, adaptation and intelligence form a generative dual-
ity—two inseparable manifestations of the same systemic pro-
cess. Adaptation represents the enacted adjustments and 
responses within a service ecosystem, while intelligence 
denotes the generative capacity that gives rise to those adjust-
ments through feedback, learning, and institutional co-evolu-
tion. This duality captures the recursive interplay between what 
systems do and the deeper cognitive potential that enables them 
to do so. Framing adaptation through an ecosystemic view of 
intelligence thus deepens S-D logic’s account of how service 
ecosystems sense, respond, and reorganize—how they adapt—
in the face of technological change.

From this standpoint, AI is not a technological artifact endowed 
with intelligence but an institutional phenomenon that materializes 
through the recursive intra-actions among human and non-human 
actors (see Figure 1). Each instance of AI deployment—whether 
in generative systems, recommender platforms, or autonomous 
agents—illustrates how service ecosystems collectively enact 
intelligence. Technological design, user feedback, and institutional 
norms coalesce to form feedback loops that continually reconfig-
ure how value is cocreated and evaluated, underscoring the rela-
tional constitution of actors, roles, and capacities.

S-D logic’s system orientation aligns with this understand-
ing. Value creation and adaptation occur not only through inter-
actions among “intelligent” actors but also through interactions 
with “nonintelligent” components—datasets, interfaces, physi-
cal infrastructures—that enable and constrain interaction. 
Furthermore, interactions do not presuppose actors to possess 
predefined or aligned goals; rather, goal orientations emerge 
through the relational and institutional dynamics in which 
actors are continually (re)formed, thereby sustaining the hetero-
geneity essential to ecosystem viability.

Drawing on Capra’s (1997) foundational work on networks, 
feedback, and self-organization, the adaptability of ecosystems 
with AI actors can be viewed as the outcome of intertwined 
positive and negative feedback loops. Algorithmic learning 
mechanisms amplify successful patterns (morphogenesis), 
while governance structures and ethical constraints 
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counterbalance and stabilize system behavior (morphostasis) 
(Maruyama 1963; Vargo, Akaka, and Wieland 2020). The 
dynamic interplay between these forces determines how the 
system evolves and maintains viability. In this respect, the intel-
ligence of AI systems is not “artificial” but relational—emerg-
ing from the capacity of the service ecosystem to sense, respond, 
and reorganize itself in pursuit of ongoing value creation.

This perspective shifts our understanding of AI from a sub-
stitute for human intelligence to a mirror of ecosystemic cogni-
tion. Intelligence becomes observable in the ways AI-enabled 
service systems maintain coherence and adaptability through 
recursive human–machine interactions. Just as living systems 
exhibit cognition through self-maintenance (Maturana and 
Varela 1991), service ecosystems exhibit intelligence through 
the recursive co-constitution of human and non-human actors, 
ongoing institutional reconfiguration, and the continual renewal 
of service exchange.

Thus, AI provides a tangible expression of S-D logic’s core 
principles, illustrating value creation as systemic adaptation, 
technology as a co-constitutive element in service exchange, 
and institutions as evolving patterns of coordination shaped 
by feedback and learning. In this sense, AI does not create a 
new form of intelligence; rather, it makes visible the adaptive 
and self-organizing capacities already inherent in service 
ecosystems.

As human and technological actors interact, feedback mech-
anisms foster learning, innovation diffusion, and governance 
adaptation, thereby sustaining the autopoiesis of the broader 
system (Vargo, Wieland, and Akaka 2015). In this way, AI is 
both a participant in and a manifestation of an ecosystemic 
view of intelligence. This framework solidifies S-D logic’s 
foundation in a relational ontology and extends it to account for 
cognition, adaptation, and co-evolution in the AI era.

Discussion

Traditional approaches to both HI and AI assume that intelli-
gence resides within individual actors and is reflected in their 
computational or behavioral competencies. We shift this focus 
by conceptualizing intelligence as an emergent, ecosystemic 
phenomenon—one that arises through the relations that consti-
tute actors and their collective capacities rather than within the 
individual actors themselves. Drawing on an S-D logic service-
ecosystems lens, and informed by theories of intelligence, sys-
tems, and technology (especially as articulated in relational 
ontologies), we position intelligence and technology as sys-
temic, intra-actional processes generated within evolving ser-
vice relationships.

This relational reframing provides the foundation for the 
remainder of the discussion. It enables us to reconsider the rela-
tionship between human and technological intelligence, to 
examine how governance and technology co-emerge within 
service ecosystems, and to articulate how an ecosystemic view 
of intelligence advances the theoretical development of S-D 

logic by expanding our understanding of the mechanisms that 
enable service ecosystems to survive, thrive, and even cease to 
exist.

Reframing the Relationship Between Human and 
Technological Intelligence

Framing intelligence as a localized manifestation of cognition, 
as seen in the comparison between HI and AI, invites a sense of 
competition in which AI appears to rapidly outpace human cog-
nitive abilities. This trajectory, particularly in the shift from 
ANI to AGI, has raised significant ethical and societal concerns 
regarding potential risks, such as diminished human control 
over AI, unintended consequences, and broader impacts of 
highly autonomous systems. For example, while a simple, spe-
cialized AI like a smart thermostat (ANI) is perceived as fully 
controllable, the idea of AGI—an AI capable of solving diverse 
problems autonomously—stirs apprehension about superintel-
ligent entities that could exceed human capabilities in most 
domains, as Bostrom (2014) cautions.

However, an ecosystemic view of intelligence reframes the 
relationship between HI and AI within a relational ontology, in 
which intelligence arises not from human beings or technolo-
gies themselves but from the configurations of relations that 
bring both into being. In this view, human and non-human 
actors alike are continually constituted through nested and 
overlapping systems of institutions, technologies, and value 
cocreation processes that generate adaptive capacities. In this 
context, AI is best understood as an artifact in the same sense as 
other human-designed systems, rather than as something excep-
tional in kind (Simon 1996).

Viewed through this relational–ecosystemic lens, intelligence 
becomes evident at the level of entire societies. One of the most 
effective indicators for the adaptive capacities of ecosystems 
might be the development of the world’s GDP over time. As 
Bostrom (2014) shows, in the past 100 years, the world’s GDP 
has grown exponentially. This is because social systems, such as 
cities and economies, can use the variety of interactions within 
their assemblages to achieve increasing returns to scale—i.e., 
they can scale superlinearly (West 2017). This suggests that 
superintelligence (i.e., intelligence that greatly exceeds the cog-
nitive performance of the human brain) is not so much a future, 
potential state of technological artifacts but rather a characteris-
tic of technologically driven human society, of which what we 
are now calling AI, is just the latest iteration.

Governance Mechanisms Are Integral to the 
Creation and Adoption of AI

Our exploration suggests that technology, intelligence, and gov-
ernance co-emerge through the ongoing interactions among 
diverse actors, each contributing to shared perceptions of useful-
ness and value. Hinings, Gegenhuber, and Greenwood (2018, p. 
54) point out that “private actors orchestrate digital institutional 
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infrastructures”, such as OpenAI, Google, and Microsoft in the 
case of AI, but the institutionalization of new technologies always 
involves the (re)combination of institutional building blocks 
from existing “assemblage[s] of practices and components” 
(Arthur 2009, p. 28), the legitimatization from users, and the 
broader establishment of a “governance system reproducing 
social [i.e., institutional] order, and questions of value appropria-
tion and control [i.e., markets]” (Hinings, Gegenhuber, and 
Greenwood 2018, p. 54). Alternatively stated, while central or 
top-down governance is important, its significance is often exag-
gerated, as it represents only part of the overall governance pro-
cess. The interplays of technological and market developments 
are also institutional phenomena (Vargo, Wieland, and Akaka 
2015) and thus serve as governance mechanisms, typically the 
core mechanisms.

In short, governance is not something that happens to tech-
nology, and therefore to adoption; it is integral to it. Arguably, 
human actors are commonly concerned about emerging tech-
nologies because, as explicated by our framework, technologies 
are situated within a multitude of concurrent and continuous 
actions and interactions that occur within broader sociomaterial 
and natural contexts. In the context of developing governance 
mechanisms for technologies, Rycroft (2006, p. 281) explains 
that “the speed with which modern technologies are innovated 
seems to be accelerating and there appears to be some consen-
sus that faster technological change is likely to create substan-
tial problems for public policymakers.” Similarly, Popper 
(2003, p. 86) states that “we see a growing divergence between 
time cycles of government and those of technology develop-
ment.” According to Popper (2003, 86), “this presents govern-
ment operations with a Hobson’s choice: Either live within a 
shorter response time and run the concomitant risk of ill-con-
sidered actions (or inactions) or see government input become 
less relevant and assume reduced stature.”

However, an ecosystemic view of intelligence broadens the 
participation in the creation of governance mechanisms from 
dyadic technology-developing practitioners and regulating pol-
icymakers to “spatially dispersed actors and their involvement 
in the political struggles and the interactions among them” 
(Vargo, Wieland, and Akaka 2015, p. 68) (see also Hardy and 
Maguire 2008; Lawrence and Suddaby 2006). Rejeski (2011, p. 
51), for example, views a “wide class of players” in policy sys-
tems as “part of a diverse, complex, and dynamic innovation 
ecosystem, not [as] isolated observers sitting on some external 
perch.” Our ecosystemic view also challenges the notion that 
rapid technological advancements create governance vacuums 
due to regulatory delays. Since intelligent technologies repre-
sent institutional arrangements and technological change repre-
sents institutional change, the evolution of governance 
structures is inherently part of technological development. 
Legal institutions, while sometimes delayed, are simply one 
facet of broader governance mechanisms that shape all techno-
logical progress. More foundationally, given the inherent 
unpredictability of emergent service ecosystems, prescriptive 
legislation based on foresight may be inherently flawed.

How an Ecosystemic View of (Artificial) Intelligence 
Informs S-D Logic

An ecosystemic conceptualization of intelligence offers a uni-
fying framework for investigating AI and reveals how S-D 
logic can be deepened through a relational reconceptualization 
of intelligence and technology. While S-D logic has historically 
utilized a relational, systemic lens, it has not yet fully shifted its 
focus from individual actors to the interactions—or “intra-
actions,” per Barad (2007)—that define their identities, roles, 
and capacities. Russell’s (2016, p. 7) argument that intelligence 
is “a general property of systems” reinforces the need for S-D 
logic to move fully from an actor-centric to an interaction-cen-
tric understanding of cognition and value creation. When intel-
ligence is not a property of discrete actors but arises from their 
interrelations, S-D logic must foreground intra-action, feed-
back, and systemic coherence to explain intelligent behavior in 
service ecosystems.

Prior research suggests that technological adoption is driven 
by practice adaptation and the relationships among materials, 
meanings, and competencies (Akaka, Schau, and Vargo 2022). 
What makes AI a particularly compelling context for the further 
development of S-D logic is not the technology itself, but the 
speed, scale, and scope at which it is being adopted and integrated 
into daily life. The emergence of AI is unique in that it provides 
extraordinary evidence for the infinite capacity of adaptation, 
based on its exponential market growth and steep adoption trajec-
tory across global industries and regions (Singla and Sukharevsky 
2024). This exponential expansion creates a novel environment 
for examining how value co-creation dynamics unfold within ser-
vice ecosystems. S-D logic emphasizes the importance of rela-
tional interactions in value cocreation, and AI provides a rich 
context for observing how adaptive capacities emerge through 
these interactions at scale. As AI is integrated into diverse prac-
tices, the resulting interactions reconfigure the roles of actors, 
institutions, and resources, highlighting new opportunities to 
study how institutional arrangements and governance structures 
form and evolve within these dynamic ecosystems.

The ongoing debate of the promise of AI—as both an oppor-
tunity and a threat—further enriches the study of S-D logic by 
providing a lens through which the tensions between innova-
tion and control, openness and regulation, can be explored. The 
evolving interaction between AI and governance structures 
sheds light on how institutions adapt and respond to the increas-
ing complexity of technological systems, offering insights into 
the ways S-D logic can inform the design of more resilient and 
equitable institutional arrangements in the face of rapid techno-
logical change.

Implications for Research and Practice

Implications for Research

As AI’s role in business and society continues to expand, calls 
for further research—particularly at the intersection of AI and 
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service—have intensified. This sense of urgency is often 
framed in ethical terms, as service contexts are widely regarded 
as key sites where debates about responsibility, fairness, and 
societal impact unfold (Belk 2021). Similarly, Wirtz et  al. 
(2023) underscore the heightened risks associated with AI in 
service, given the extensive customer data involved and the 
opaque and complex nature of AI-enabled service delivery. 
While these concerns are well-founded, they have also contrib-
uted to a research landscape in which normative prescriptions 
frequently outpace the development of clearly articulated theo-
retical relationships.

Foundational to many research agendas at the intersection of 
service and AI seems to be an underlying assumption that AI is 
so unique and different from other technologies that it requires 
new frameworks and models, and is potentially so dangerous 
that resulting normative theories and recommendations are 
urgently needed. While we agree with the importance of study-
ing AI, we caution against an “upside-down” approach in which 
normative theories are developed without sufficient founda-
tional, positive theories. As Hunt (2002) emphasizes, strong 
normative guidance rests on strong positive theory.

A service-ecosystem perspective, informed additional rela-
tional ontologies, provides a solid foundation for studying the 
role and process of AI in marketing and service research. This 
perspective emphasizes intelligence, adaptation, governance, 
and value cocreation as relationally constituted phenomena that 
unfold through ongoing interactions among human and 

non-human actors. Building on this foundation, we advance a 
set of research propositions that specify the core conceptual 
relationships through which these processes operate in 
AI-enabled service ecosystems. These propositions are not 
hypotheses, but theory-building statements that open distinct 
empirical problem spaces and guide methodological engage-
ment. Together, they delineate how AI can be studied as an eco-
systemic and relational phenomenon.

The ubiquity of AI further amplifies these opportunities for 
S-D logic research. On one hand, the rapid expansion of AI 
across practices is generating new sociotechnical complexities, 
revealing emergent patterns and tensions that reshape service 
ecosystems. On the other hand, AI’s rapid growth introduces 
profound complexities that [may] disrupt long-established 
institutional arrangements and governance structures. As AI 
participates in reshaping service ecosystems, future research 
must attend to how institutional dynamics evolve in response to 
tensions between innovation, coordination, and governance. 
Such research can deepen our understanding of how AI influ-
ences value cocreation processes and either stabilizes or dis-
rupts existing structures.

Kleinaltenkamp, Kleinaltenkamp, and Karpen (2023) argue 
that S-D logic’s theorizing embodies a tension between sub-
stance-ontological and process-ontological perspectives, using 
Barad's philosophy to describe these opposing views. This 
debate about whether entities have form outside their interac-
tions or only within associations (Müller 2015) is also evident 

Figure 1.  Contrasting individual and ecosystemic intelligence.
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in work on systems and assemblage theories. We agree with 
Kleinaltenkamp, Kleinaltenkamp, and Karpen (2023) that rec-
onciling these ontological tensions within S-D logic is an 
important task, and our relational, intra-actional perspective 
contributes to this effort while highlighting the need for contin-
ued research. A stronger embrace of relational ontology—con-
sistent with intra-action and emergent constitution—can help 
unify these perspectives. From a research perspective, this shift 
foregrounds processes, relations, and feedback dynamics—
rather than stable entities—as the primary units of analysis.

Thus, we encourage future research on S-D logic to further 
synthesize and reconcile systems thought and related ontolo-
gies. Both promote a flat ontology and a move away from 
Newtonian mechanics and its deterministic focus. Adopting 
such an ontology has important implications for how scholars 
examine AI-enabled service ecosystems. A relational, intra-
actional view of intelligence foregrounds emergence, co-con-
stitution, and systemic adaptation—features that traditional 
actor-centric approaches and purely deductive methods strug-
gle to capture. Consequently, future research must consider 
how this ontological shift reshapes the kinds of questions we 
ask and the analytical frames we employ.

This relational perspective raises methodological questions 
about what should be observed and at what scale, given that 
actors and capacities emerge through relations rather than pre-
exist them. This invites inquiry into how researchers frame their 
analyses, since intra-actions unfold across service ecosystems 
in ways that exceed any single study’s observational scope. 
Decisions to foreground localized encounters or broader rela-
tional configurations reflect analytic necessity rather than dif-
ferences in the nature of intra-action. Much like in quantum 
measurement, the analytic lens itself becomes part of the rela-
tional configuration being traced. These choices shape how 
coordination, meaning-making, and systemic adaptation are 
identified and interpreted.

Building on this agenda, scholars should explore methods 
capable of capturing the dynamic and emergent properties of 
relational service ecosystems. Agent-based modeling, for exam-
ple, can simulate how heterogeneous actors co-evolve through 
intra-actions to produce system-level outcomes. More broadly, 
approaches that leverage AI’s capabilities for complex system 
modeling, predictive analytics, or dynamic adaptation offer 
promising avenues for investigating relational value cocreation 
and institutional evolution. Through the continued development 
of robust theoretical and methodological frameworks, AI may 
ultimately appear less exceptional and more clearly understood 
as a manifestation of ecosystemic processes.

Building on these conceptual and methodological implica-
tions, Table 3 articulates the paper’s research propositions and 
specifies the empirical phenomena and methodological 
approaches through which they may be engaged. Rather than 
enumerating isolated future research topics, the table structures 
a coherent, theory-driven agenda that links relationally 
grounded propositions to distinct empirical problem spaces for 
studying AI as an ecosystemic phenomenon in service research.

Implications for Public Policy

As stated, public policy discussions frequently center on how 
regulatory policymakers should aim to control technology 
developers. These implications often manifest as debates 
between CDR and governmental regulations (Floridi 2021; 
Wirtz et al. 2023). A recurring issue in these debates is a per-
ceived temporal gap between the fast-moving processes of 
companies and the slower pace of regulatory institutions 
(Popper 2003; Rycroft 2006). While Wirtz et  al. (2023), for 
example, argue that governments need to step in when a firm’s 
CDR fails, Floridi (2021, p. 622) claims that CDR has broadly 
failed already and that “self-regulation needs to be replaced by 
the law; the sooner, the better.” The recently published open 
letter by a group of AI experts that calls for a slowdown in the 
development of certain AI to give regulating policymakers 
more time supports this line of thinking.

Arguably, however, the best way to prepare for unforesee-
able problems is not to impose moratoriums on AI but to 
encourage policymakers to shift to a holistic perspective that 
considers the interconnectedness of various system components 
and elements. Such a holistic perspective includes implement-
ing regulatory governance that emphasizes adaptability and 
flexibility, such as creating dynamic regulatory frameworks 
that can be quickly updated in response to technological emer-
gence, utilizing large assemblages of collaborative stakeholders 
to gather diverse perspectives, and implementing real-time data 
monitoring to inform policy adjustments. Additionally, policy-
makers can foster interdisciplinary research and collaboration 
to enhance the understanding of complex systems while invest-
ing in education and training programs to equip themselves 
with the necessary skills to manage AI. Such measures allow 
for continuous adjustment and improvement in response to 
emerging challenges rather than relying solely on predictive 
foresight, thereby ensuring a more resilient and responsive 
approach to governance.

Implications for Practice

Although we do not claim to have a complete blueprint for 
applying the “systems turn” in S-D logic, our framework sug-
gests a growing need for practitioners to adopt systems think-
ing that extends beyond traditional, linear, deductive 
approaches. This shift would involve probabilistic thinking 
and a proactive awareness of the opportunities and risks asso-
ciated with emergent phenomena. We concur with Rejeski’s 
(2011, p. 50) idea that governance in technology requires a 
“new operating system,” one that transitions from the rigid, 
step-by-step model of Newtonian mechanics to a more 
dynamic model akin to evolutionary biology. This model 
would prioritize learning, adaptation, and co-evolution over 
lengthy processes of issue identification and sequential 
implementation.

Practitioners, therefore, play a crucial role in this shift, 
especially since they are often directly engaged in monitoring 
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institutional changes and in the development of AI technology 
platforms that both adapt to and shape these changes. Even as 
uncertainty grows around the risks associated with AI, we 
advocate for practitioners to continue leveraging these tools to 
enhance the adaptability, or “intelligence,” of their service 
ecosystems. Embracing CDR is essential to ensure that AI 
technologies not only align with but also actively promote 
societal well-being. This responsibility calls for intentionality 
in aligning technology with ethical considerations, societal 
values, and the overarching goal of creating positive social 
impact.

Conclusion

We have shown that applying S-D logic to explore and explain the 
AI era compels a clearer account of system viability and how ser-
vice ecosystems adapt, learn, and sustain value creation through 
recursive human–technology interactions. Rather than proposing 
a new theoretical model, our goal has been to demonstrate the 
continued explanatory power of S-D logic when confronted with 
intelligent technology. The service ecosystem view provides an 

organizing foundation for understanding AI as a manifestation of 
systemic and institutional adaptation, revealing cognition and 
coordination as core processes of value cocreation.

In doing so, we illustrate not only how S-D logic accommo-
dates contemporary developments in technology and systems 
thinking but also how these developments motivate a further 
deepening of S-D logic’s relational and intra-actional founda-
tions. S-D logic continues to serve as (a) an indigenous, ser-
vice-based theoretical framework for marketing (Bolton 2020; 
Hunt 2020; Kotler et  al. 2021; Vargo, Wieland, and O’Brien 
2023), (b) a framework compatible with other systemic orienta-
tions, emphasizing system well-being (or viability) and recog-
nizing adaptability as a foundation of cognition and smartness, 
and (c) an institutionally grounded perspective reconcilable 
with established and emerging conceptualizations of the social 
construction of technology (Vargo and Lusch 2016; Vargo, 
Peters, et  al. 2023) and technological governance (Vargo, 
Fehrer, et al. 2023). Yet the rise of AI highlights aspects of intel-
ligence and coordination that require S-D logic to more explic-
itly articulate the relational constitution of actors, capacities, 
and institutions within service ecosystems.

Table 3.  Research Propositions and Future Research Directions.

Research Propositions Phenomena to be Examined Empirical and Methodological Guidance

P1. AI-enabled Institutional Reconfiguration
The integration of AI into service ecosystems 

constitutes a process of institutional 
reconfiguration through feedback, learning, 
and institutional co-evolution.

Examine the reconfiguration of 
institutional elements (e.g., roles, 
responsibilities, and decision 
frameworks) in AI-enabled 
service ecosystems.

Longitudinal, multi-level studies can trace 
institutional evolution over time. Agent-
based modeling can simulate feedback-driven 
institutional reconfiguration. Comparative 
ecosystem analyses can reveal divergent 
reconfiguration trajectories.

P2. Value Cocreation and Learning in Human–AI 
Assemblages

In AI-enabled service ecosystems, value 
cocreation emerges through distributed 
learning processes.

Examine how value cocreation 
and learning unfold in service 
practices within human–AI 
assemblages.

Ethnographic and digital-trace studies can 
capture co-learning processes in situ. 
Simulation and experimental designs can 
model adaptive feedback within specific 
segments of service ecosystems.

P3. Ecosystem Viability and Adaptive 
Reconfiguration

AI participation in service ecosystems alters 
the ecosystem’s adaptive capacity, thereby 
reshaping system viability over time.

Investigate how AI-enabled 
interactions affect system-level 
resilience and viability across 
service ecosystems.

System dynamics and network analysis can 
trace resource flows and interdependencies. 
Machine learning analytics can identify 
emergent coordination patterns.

P4. Governance as Emergent Coordination
Governance in AI-enabled service ecosystems 

emerges primarily from distributed 
processes among heterogeneous actors.

Examine how governance norms 
and structures emerge through 
distributed participation in AI-
enabled service ecosystems.

Multi-stakeholder case studies and institutional 
ethnographies can reveal emergent 
governance patterns. Discourse and text 
analysis can trace the evolution of norms 
across digital and regulatory contexts.

P5. Intelligence as Intra-actional Emergence
Intelligence in service ecosystems emerges 

through recurring intra-actional processes 
that constitute actors and their capacities.

Examine recurring patterns of 
responsiveness, sensemaking, 
and adaptation through which 
intelligence becomes observable.

Conceptual modeling and relational 
operationalizations can identify intra-actional 
patterns. Multi-level  structural equation models 
or agent-based modeling can examine their 
evolution through nested feedback dynamics.

P6. Emergent Ethical Norms in AI-enabled 
Service Ecosystems

Shared evaluations of appropriateness and 
fairness in AI-enabled service ecosystems 
emerge through ongoing intra-actions.

Examine how ethical norms and 
fairness perceptions emerge, 
stabilize, and vary across AI-
enabled service ecosystems.

Participatory action research and scenario-
based modeling can assess emergent ethical 
dynamics. Cross-cultural comparative studies 
can trace the evolution of fairness and ethical 
norms.

Note. AI = artificial intelligence.
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Building on this need for conceptual deepening, our frame-
work moves beyond framing intelligence in terms of a distinc-
tion between human and artificial forms and instead emphasizes 
a generative duality between adaptation and intelligence using 
a service ecosystems lens. In this view, “intelligent” or “not 
intelligent” is not an intrinsic property of any single actor but an 
emergent quality of collective resource application and collabo-
ration across human and non-human participants. By conceptu-
alizing AI within S-D Logic, the paper reaffirms S-D Logic’s 
status as a living, evolving metatheory for marketing and ser-
vice research—one that continues to adapt to new empirical and 
technological realities.

Acknowledgments

The authors gratefully acknowledge the valuable research assistance 
and thoughtful feedback provided by Sheila Guo, whose intellectual 
engagement greatly supported the development of this article through-
out various stages.

Declaration of Conflicting Interests

The authors declared no potential conflicts of interest with respect to 
the research, authorship, and/or publication of this article.

Funding

The authors received no financial support for the research, authorship, 
and/or publication of this article.

ORCID iDs

Stephen L. Vargo  https://orcid.org/0000-0002-2401-8358

Heiko Wieland  https://orcid.org/0000-0002-6947-7048

Melissa Archpru Akaka  https://orcid.org/0000-0003-2088-255X

Note

1.	 The quotes were chosen from Legg and Hutter (2007) collection 
of definitions of intelligence.

References

Akaka, Melissa Archpru, Hope Jensen Schau, and Stephen L Vargo 
(2022), “Practice Diffusion,” Journal of Consumer Research, 48 
(6), 939–69.

Akaka, Melissa Archpru and Stephen L. Vargo (2014), “Technology 
as an Operant Resource in Service (Eco)Systems,” Information 
Systems and e-Business Management, 12, 367–84.

Arthur, W. Brian (2009), The Nature of Technology: What it is and 
How it Evolves. New York, NY: Free Press.

Barad, Karen (2007), Meeting the Universe Halfway: Quantum 
Physics and the Entanglement of Matter and Meaning. Durham, 
NC: Duke University Press.

Beer, Randall D. (2004), “Autopoiesis and Cognition in the Game of 
Life,” Artificial Life, 10 (3), 309–26.

Belk, Russell (2021), “Ethical Issues in Service Robotics and 
Artificial Intelligence,” The Service Industries Journal, 41 (13–
14), 860–76.

Bijker, W. E. (1997), Of Bicycles, Bakelites, and Bulbs: Toward a 
Theory of Sociotechnical Change. Cambridge, MA: The MIT Press.

Bolton, Ruth N. (2020), “First Steps to Creating High Impact Theory 
in Marketing,” AMS Review, 10, 172–8.

Bonabeau, Eric, Marco Dorigo, and Guy Théraulaz (1999), From 
Natural to Artificial Swarm Intelligence. Oxford, UK: Oxford 
University Press.

Bostrom, Nick (2014), Superintelligence: Paths, Dangers, Strategies. 
Oxford, UK: Oxford University Press.

Boudreau, Kevin J. and Karim R. Lakhani (2013), “Using the Crowd 
as an Innovation Partner,” Harvard Business Review, 91 (4), 60–9.

Calvo Garzón, Paco and Fred Keijzer (2011), “Plants: Adaptive 
Behavior, Root-Brains, and Minimal Cognition,” Adaptive 
Behavior, 19 (3), 155–71.

Cannon, Josephg P., Ravi S. Achrol, and Gregory T. Gundlach (2000), 
“Contracts, Norms, and Plural Form Governance,” Journal of the 
Academy of Marketing Science, 28 (2), 180–94.

Capra, Fritjof (1997), “Creativity and Leadership,” Learning 
Communities.

Capra, Fritjof and Ove Daniel Jakobsen (2017), “A Conceptual 
Framework for Ecological Economics Based on Systemic 
Principles of Life,” International Journal of Social Economics, 
44 (6), 831–44.

Capra, Fritjof and Pier Luigi Luisi (2014), The Systems View of Life: 
A Unifying Vision. Cambridge, UK: Cambridge University Press.

Crawford, Kate (2021), The Atlas of AI: Power, Politics, and the 
Planetary Costs of Artificial Intelligence. New Haven, CT: Yale 
University Press.

Davenport, Thomas, Abhijit Guha, Dhruv Grewal, and Timna 
Bressgott (2020), “How Artificial Intelligence Will Change the 
Future of Marketing,” Journal of the Academy of Marketing 
Science, 48 (1), 24–42.

DeLanda, Manuel (2006), A New Philosophy of Society: Assemblage 
Theory and Social Complexity. London, UK: Continuum.

Deleuze, Gilles and Claire Parnet (1987), Dialogues. London, UK: 
Athlone Press.

Deleuze, Gilles, and Félix Guattari (1987), A Thousand Plateaus: 
Capitalism and Schizophrenia. Translated by Brian Massumi. 
Minneapolis: University of Minnesota Press.

Field, Joy M., Darima Fotheringham, Mahesh Subramony, Anders 
Gustafsson, Amy L. Ostrom, Katherine N. Lemon, Ming-Hui 
Huang, and Janet R. McColl-Kennedy (2021), “Service Research 
Priorities: Designing Sustainable Service Ecosystems,” Journal of 
Service Research, 24 (4), 462–79.

Flack, Jessica, Panos Ipeirotis, Thomas W. Malone, Geoff Mulgan, 
and Scott E. Page (2022), “Editorial to the Inaugural Issue of 
Collective Intelligence,” Collective Intelligence, 1 (1), 1–3.

Fligstein, Neil (1996), “Markets as Politics: A Political-Cultural 
Approach to Market Institutions,” American Sociological Review, 
61 (4), 656–73.

Floridi, Luciano (2021), “The End of an Era: From Self-Regulation 
to Hard Law for the Digital Industry,” Philosophy & Technology, 
34, 619–22.

Giesler, Markus (2008), “Conflict and Compromise: Drama in 
Marketplace Evolution,” Journal of Consumer Research, 34 (6), 
739–53.

Guha, Abhijit, Dhruv Grewal, Praveen K. Kopalle, Michael Haenlein, 
Matthew J. Schneider, Hyunseok Jung, Rida Moustafa, Dinesh R. 
Hegde, and Gary Hawkins (2021), “How Artificial Intelligence Will 
Affect the Future of Retailing,” Journal of Retailing, 97 (1), 28–41.

https://orcid.org/0000-0002-2401-8358
https://orcid.org/0000-0002-6947-7048
https://orcid.org/0000-0003-2088-255X


16	 Journal of Service Research 00(0)

Hardy, Cynthia and Steve Maguire, eds. (2008). Institutional 
Entrepreneurship. London, UK: Palgrave Macmillan.

Hinings, Bob, Thomas Gegenhuber, and Royston Greenwood 
(2018), “Digital Innovation and Transformation: An Institutional 
Perspective,” Information and Organization, 28 (1), 52–61.

Hoffman, Donna L. and Thomas P. Novak (2018), “Consumer and 
Object Experience in the Internet of Things: An Assemblage Theory 
Approach,” Journal of Consumer Research, 44 (6), 1178–204.

Huang, Ming-Hui and Roland T. Rust (2018), “Artificial Intelligence 
in Service,” Journal of Service Research, 21 (2), 155–72.

Huang, Ming-Hui and Roland T. Rust (2021), “A Strategic Framework 
for Artificial Intelligence in Marketing,” Journal of the Academy 
of Marketing Science, 49 (1), 30–50.

Huang, Ming-Hui and Roland T. Rust (2024), “The Caring Machine: 
Feeling AI for Customer Care,” Journal of Marketing, 88 (5), 1–23.

Hughes, Thomas P. (1989), American Genesis: A Century of 
Innovation and Technological Enthusiasm, 1870–1970. New 
York, NY: Viking.

Humphreys, Ashlee (2010), “Megamarketing: The Creation of Markets 
as a Social Process,” Journal of Marketing, 74 (2), 1–19.

Hunt, Shelby D. (2002), Foundations of Marketing Theory: Toward a 
General Theory of Marketing. Armonk, NY: M. E. Sharpe.

Hunt, Shelby D. (2020), “Indigenous Theory Development in 
Marketing: The Foundational Premises Approach,” AMS Review, 
10 (1-2), 8–17.

Jim, Spohrer, Paul P. Maglio, Stephen L. Vargo, and Markus Warg 
(2022), Service in the AI Era: Science, Logic, and Architecture 
Perspectives. New York: Business Expert Press.

Kleinaltenkamp, Michael, Moritz J Kleinaltenkamp, and Ingo O. 
Karpen (2023), “Resource entanglement and Indeterminacy: 
Advancing the Service-Dominant Logic through the Philosophy 
of Karen Barad,” Marketing Theory, 24 (4), 611–41.

Kotler, Philip, Waldemar Pfoertsch, Uwe Sponholz, and Maximilian 
Haas (2021), H2H Marketing: The Genesis of Human-to-Human 
Marketing. Cham, Switzerland: Springer.

Latour, Bruno (1996), “Social Theory and the Study of Computerized 
Work Sites,” in Information Technology and Changes in 
Organizational Work, William J Orlikowski, Geoff Walsham 
Matthew R. Jones, and Janice I. DeGross, eds. London, UK: 
Springer, 295–307.

Law, John (2009), “Actor-Network Theory and Material Semiotics,” 
in The New Blackwell Companion to Social Theory, Bryan S. 
Turner, ed. Oxford, UK: Wiley-Blackwell, 141–58.

Lawrence, Thomas B. and Roy Suddaby (2006). “Institutions and 
Institutional Work,” in Handbook of Organizaiton Studies, 2nd 
ed., Stewart R. Clegg, Cynthia Hardy, Thomas B. Lawrence, and 
Walter R. Nord, eds., London, UK: SAGE Publications, 215–54.

Legg, Shane and Marcus Hutter (2007), “A Collection of Definitions 
of Intelligence,” Frontiers in Artificial Intelligence and applica-
tions, 157, 17–24.

Lévy, Pierre (1997), Collective Intelligence: Mankind’s Emerging 
World in Cyberspace. Cambridge, MA: Perseus Books.

Malone, Thomas W. and Michael S. Bernstein (2022), Handbook of 
Collective Intelligence. Cambridge, MA: MIT Press.

Maruyama, Magoroh (1963), “The Second Cypernetics: Deviation-
Amplifying Mutual Causal Processes,” American Scientist, 5 (2), 
164–79.

Maturana, Humberto R. and Francisco J. Varela (1991), Autopoiesis 
and Cognition: The Realization of the Living, Vol. 42, Dordrecht, 
Netherlands: Springer.

McCabe, David (2023), “White House Pushes Tech C.E.O.s to Limit 
Risks of A.I.,” The New York Times, May 4 (accessed January 13, 
2017), (available at: https://www.nytimes.com/2023/05/04/tech-
nology/us-ai-research-regulation.html).

Mokyr, Joel (2004), The Gifts of Athena: Historical Origins of the 
Knowledge Economy. Princeton, NJ: Princeton University Press.

Müller, Martin (2015), “Assemblages and Actor-Networks: Rethinking 
Socio-Material Power, Politics and Space,” Geography Compass, 
9 (1), 27–41.

Müller, Vincent C. and Nick Bostrom (2016), “Future Progress 
in Artificial Intelligence: A Survey of Expert Opinion,” in 
Fundamental Issues of Artificial Intelligence, Vincent C. Müller, 
ed. Cham, Switzerland: Springer, 555–72.

Murphy, Michael (2021), “Markets are Constantly Collapsing: 
Reconceptualizing ‘the Market’ as a Quantum Social 
Wavefunction,” Competition & Change, 25 (5), 561–79.

Nenonen, Suvi, Hans Kjellberg, Jaqueline Pels, Lilliemay Cheung, 
Sara Lindeman, Cristina Mele, Laszlo Sajtos, and Kaj Storbacka 
(2014), “A New Perspective on Market Dynamics: Market 
Plasticity and the Stability-Fuidity Dialectics,” Marketing Theory, 
14 (3), 269–89.

Noble, Safiya Umoja (2018), Algorithms of Oppression: How Search 
Engines Reinforce Racism. New York: New York University 
Press.

Orlikowski, Wanda J. (1992), “The Duality of Technology: Rethinking 
of the Concept of Technology in Organizations,” Organization 
Science, 3 (3), 398–427.

Palay, Thomas M. (1984), “Comparative Institutional Economics: The 
Governance of Rail Freight Contracting,” The Journal of Legal 
Studies, 13 (2), 265–87.

Parker, Lynne E. (2007), “Distributed Intelligence: Overview of the 
Field and its Application in Multi-Robot Systems.”In Regarding 
the “Intelligence” in Distributed Intelligent Systems: Papers from 
the 2007 AAAI Fall Symposium, November 1–6. Technical Report 
FS-07-06. Arlington, VA: AAAI Press.

Pinch, Trevor J. (2008), “Technology and Institutions: Living in a 
Material World,” Theory and Society, 37 (5), 461–483.

Pinch, Trevor J. and Wiebe E. Bijker (1987), “The Social Construction 
of Facts and Artefacts: Or How the Sociology of Science and the 
Sociology of Technology Might Benefit Each Other,” Social 
Studies of Science, 14 (3), 399–441.

Popper, Steven W. (2003), “Technological Change and the Challenges 
for 21st Century Governance,” Science and Technology Policy 
Yearbook.

Rejeski, David (2011), “Public Policy on the Technological Frontier,” 
in The Growing Gap Between Emerging Technologies and Legal-
Ethical Oversight: The Pacing Problem, Gary E. Marchant, 
Braden R. Allenby, and Joseph R. Herkert, eds. Dordrecht, 
Netherlands: Springer, 47–59.

Rosa, Jose A., J. Frank Porac, Jelena Runser-Spanjol, and Michael S. 
Saxon (1999), “Sociocognitive Dynamics in a Product Market,” 
The Journal of Marketing, 63 (4), 64–77.

Rovelli, Carlo (2022), Helgoland: Making Sense of the Quantum 
Revolution. New York, NY: Penguin Press.

Russell, Stuart (2016), “Rationality and Intelligence: A Brief Update,” 
in Fundamental Issues of Artificial Intelligence, Vincent C. 
Müller, ed. Cham, Switzerland: Springer International Publishing, 
7–28.

Rust, Roland T., Christine Moorman, and Jacqueline van Beuningen 
(2016), “Quality Mental Model Convergence and Business 

https://www.nytimes.com/2023/05/04/technology/us-ai-research-regulation.html
https://www.nytimes.com/2023/05/04/technology/us-ai-research-regulation.html


Vargo et al.	 17

Performance,” International Journal of Research in Marketing, 
33 (1), 155–71.

Rycroft, Robert W. (2006), “Time and Technological Innovation: 
Implications for Public Policy,” Technology in Society, 28 (3), 
281–301.

Schlinger, Henry D. (2003), “The Myth of Intelligence,” The 
Psychological Record, 53 (1), 15–32.

Segundo-Ortin, Miguel and Paco Calvo (2022), “Consciousness and 
Cognition in Plants,” Wiley Interdisciplinary Reviews: Cognitive 
Science, 13 (2), e1578.

Shankar, Venkatesh (2018), “How Artificial Intelligence (AI) is 
Reshaping Retailing,” Journal of Retailing, 94 (4), vi–xi.

Sheth, Jagdish N., Atul Parvatiyar, and Can Uslay (2022), Marketing 
Theory: Evolution and Evaluation of Schools of Marketing 
Thought. New Delhi, India: Wiley India Pvt. Ltd.

Simon, Herbert A. (1996), The Science of the Artificial, 3rd ed. 
Cambridge, MA: The MIT Press.

Singla, Alex and Alexander Sukharevsky (2024), “The State of AI 
in Early 2024: Gen AI Adoption Spikes and Starts to Generate 
Value.” McKinsey, May 30 (accessed January 13, 2026), (avail-
able at: https://www.mckinsey.com/capabilities/quantumblack/
our-insights/the-state-of-ai-2024#/).

Smith, John B. (1994), Collective Intelligence in Computer-Based 
Collaboration. Boca Raton, FL: CRC Press.

Sternberg, Robert J., Barbara E. Conway, Jerry L. Ketron, and Morty 
Bernstein (1981), “People’s Conceptions of Intelligence,” Journal 
of Personality and Social Psychology, 41 (1), 37–55.

Syam, Niladri and Arun Sharma (2018), “Waiting for a Sales 
Renaissance in the Fourth Industrial Revolution: Machine 
Learning and Artificial Intelligence in Sales Research and 
Practice,” Industrial Marketing Management, 69, 135–46.

Thornton, Patricia H. and William Ocasio (2008), “Institutional Logics,” 
in The SAGE Handbook of Organizational Institutionalism, 
Royston Greenwood, Christine Oliver, Roy Suddaby, and Kerstin 
Sahlin-Andersson, eds. London, UK: SAGE Publications, 99–129.

Vargo, Stephen L. (2011), “Market Systems, Stakeholders and Value 
Propositions: Toward a Service-Dominant Logic-Based Theory of 
the Market,” European Journal of Marketing, 45 (1/2), 217–22.

Vargo, Stephen L. (2023), “Conceptual Reconciliation for Clarity and 
Impact,” AMS Review, 13 (3), 169–72.

Vargo, Stephen L., Melissa Archpru Akaka, and Heiko Wieland 
(2020), “Rethinking the Process of Diffusion in Innovation: A 
Service-Ecosystems and Institutional Perspective,” Journal of 
Business Research, 116, 526–34.

Vargo, Stephen L., Julia A. Fehrer, Heiko Wieland, and Angeline 
Nariswari (2023), “The Nature and Fundamental Elements of 
Digital Service Innovation,” Journal of Service Management, 35 
(2), 227–52.

Vargo, Stephen L. and Robert F. Lusch (2004), “Evolving to a New 
Dominant Logic for Marketing,” Journal of Marketing, 68 (1), 
1–17.

Vargo, Stephen L. and Robert F. Lusch (2008), “Service-Dominant 
Logic: Continuing the Evolution,” Journal of the Academy of 
Marketing Science, 36 (1), 1–10.

Vargo, Stephen L. and Robert F. Lusch (2016), “Institutions and 
Axioms: An Extension and Update of Service-Dominant Logic,” 
Journal of the Academy of Marketing Science, 44 (1), 5–23.

Vargo, Stephen L. and Robert F. Lusch (2017), “Service-Dominant 
Logic 2025,” International Journal of Research in Marketing, 34 
(1), 46–67.

Vargo, Stephen L., Linda Peters, Hans Kjellberg, Kaisa Koskela-
Huotari, Suvi Nenonen, Francesco Polese, and Debora Sarno 
(2023), “Emergence in Marketing: An Institutional and Ecosystem 
Framework,” Journal of the Academy of Marketing Science, 51 
(1), 2–22.

Vargo, Stephen L., Heiko Wieland, and Melissa Archpru Akaka (2015), 
“Innovation through Institutionalization: A Service Ecosystems 
Perspective,” Industrial Marketing Management, 44, 63–72.

Vargo, Stephen L., Heiko Wieland, and Matthew O’Brien (2023), 
“Service-Dominant Logic as a Unifying Theoretical Framework 
for the Re-Institutionalization of the Marketing Discipline,” 
Journal of Business Research, 164, 113965.

Watson, Richard and Michael Levin (2023), “The Collective 
Intelligence of Evolution and Development,” Collective 
Intelligence, 2 (2), 26339137231168355.

Weld, Daniel S., Christopher H. Lin, and Jonathan Bragg (2015), 
“Artificial Intelligence and Collective Intelligence,” in Handbook 
of Collective Intelligence, Thomas W. Malone and Michael S. 
Bernstein, eds. Cambridge, MA: MIT Press, 89–114.

Wendt, Alexander (2015), Quantum Mind and Social Science. 
Cambridge, UK: Cambridge University Press.

West, Geoffrey (2017), Scale: The Universal Laws of Growth, 
Innovation, Sustainability, and the Pace of Life in Organizations, 
Cities,Economies, and Companies. New York, NY: Penguin Press.

Wieland, Heiko, Nathaniel N. Hartmann, and Stephen L. Vargo (2017), 
“Business Models as Service Strategy,” Journal of the Academy of 
Marketing Science, 45 (6), 925–43.

Wirtz, Jochen, Werner H. Kunz, Nicole Hartley, and James Tarbit 
(2023), “Corporate Digital Responsibility in Service Firms and 
Their Ecosystems,” Journal of Service Research, 26 (2), 173–90.

Zaidan, Esmat and Imad Antoine Ibrahim (2024), “AI Governance in a 
Complex and Rapidly Changing Regulatory Landscape: A Global 
Perspective,” Humanities and Social Sciences Communications, 
11 (1), 1–18.

Author Biographies

Stephen L. Vargo is the Siegfried Centennial Chair of Marketing and 
Supply Chain Management and Professor of Market Systems at the 
University of Oklahoma. He has published over 140 articles in leading 
marketing journals, authored or edited five books, and received numerous 
international awards, including the Lovelock Career Achievement Award.

Heiko Wieland is a professor of Marketing at California State 
University, Monterey Bay. His research focuses on socio-technical 
innovation, market formation, professional selling, and value creation, 
with publications in leading journals. He received the 2018 Shelby D. 
Hunt/Harold H. Maynard Award and previously held managerial roles 
in the technology industry.

Melissa Archpru Akaka is a professor of Marketing and Associate 
Dean for Research and Strategic Initiatives at the University of Denver’s 
Daniels College of Business. Her research examines market journeys, 
collectives, and value creation in dynamic ecosystems, with publica-
tions in top journals including JCR, JAMS, MIS Quarterly, and JSR.

https://www.mckinsey.com/capabilities/quantumblack/our-insights/the-state-of-ai-2024#/
https://www.mckinsey.com/capabilities/quantumblack/our-insights/the-state-of-ai-2024#/

